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Global population growth is placing additional demand on current agronomic production with 
global climate change expected to limit future increases in yields. Tropospheric ozone (O3) is a 
secondary pollutant that is toxic to plants, negatively affects productivity and ultimately reduces 
crop yield. With current tropospheric O3 concentrations already causing sizeable damage and 
predicted increases in O3 concentrations leading to greater yield reductions, better understanding 
of the genetic underpinnings of O3 sensitivity in major crops is essential to alleviate the damage 
caused by O3. Pursuing novel traits like improved photosynthesis is also proposed as a means of 
attaining the necessary increases in crop yields to meet the demands of a growing world 
population. This thesis uses a forward genetics approach to map O3 responses of soybean and 
maize, and develops a high-throughput method to map photosynthetic leaf-level traits in 
soybean. 
Most studies of plant responses to elevated O3 have occurred in C3 plant species. The 
goal of Chapter 2 was to improve understanding of the O3 response in maize. B73 and Mo17, 
two of the advanced public lines representing the Stiff Stalk and Non-Stiff Stalk heterotic 
groups, were grown under elevated and ambient O3 concentrations in the field. A number of 
traits including photosynthesis, development, and yield were significantly decreased by elevated 
O3. The degree to which O3 negatively affected these traits varied between the two inbred lines 
indicating different sensitivity to elevated O3. Additionally, the severity of the O3 response 
varied within years of the experiment suggesting the detrimental effects of O3 to maize are 
dependent on other environmental conditions. Two near-isogenic line populations with B73 and 
Mo17 as the recurrent parents were also grown under ambient and elevated O3 concentrations to 
map O3-related traits. Previously unidentified quantitative trait loci (QTL) for photosynthetic 
traits in maize as well as QTL related to O3 tolerance were identified.  
The goal of the research in Chapter 3 was to identity QTL within the soybean genome 
that are associated with intraspecific variation in response to O3. Two soybean varieties that had 
shown different sensitivity to elevated O3 were used to develop a recombinant inbred line 
population. This RIL population was grown in the field to maturity under ambient and elevated 
O3 concentrations to map O3 related agronomic traits. O3 negatively affected most measured 
traits across all three years of the experiment. Numerous stable and environment-specific QTL 
for important agronomic traits in soybean were identified. Many of the QTL for different traits 
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were co-located suggesting pleiotropy or closely linked QTL. Strong QTL by environment 
interactions were identified in this experiment with the direction of the effect of many QTLs 
varying between growing seasons.  
Phenotyping many plants for the rate limiting steps of photosynthesis is prohibitively 
time-consuming and has received little attention in breeding programs for this reason. Chapter 4 
attempted to address this issue by further developing a high-throughput technique using a partial 
least squares regression modelling approach and rapidly collected hyperspectral leaf reflectance 
data to estimate the maximum rate of carboxylation by Rubisco (Vc,max) and the maximum rate of 
RuBP regeneration (Jmax) as well as other leaf biochemical and structural traits. The applicability 
of this approach was demonstrated by performing a genome-wide association study on the 
entirety of the Soybean Nested Association Mapping panel over two growing seasons. 
Significant marker trait associations were identified for both rate limiting steps of photosynthesis 
(normalized to 25°C), specific leaf area, leaf carbon and nitrogen percentage on a mass basis, and 
chlorophyll content.  
The research presented in this dissertation helps identify traits that can be monitored to 
identify O3 tolerant varieties and provides a first step in discovering the underlying genetic 
controls of the intraspecific response of maize and soybean to elevated O3. This research 
advances our understanding of how both crops respond to O3 pollution, identifies potential 
targets for future breeding programs, and promotes the use of FACE technology as a viable 
method that can be used for phenotyping large plant populations and mapping O3 tolerance. The 
high-throughput nature of the technique presented in Chapter 4 and relative ease in data 
collection makes it a promising method to incorporate improved photosynthetic traits into a 
breeding program or allow for large surveys of soybean germplasm for these traits. In total, this 
dissertation provides tangible information and tools to improve maize and soybean production in 
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CHAPTER 1: GENERAL INTRODUCTION 
The increase in tropospheric ozone concentration ([O3]) since pre-industrial times has 
contributed to global warming, and [O3] is predicted to increase with anthropogenic pollution 
and elevated temperatures in the future. Ozone is a known phytotoxic compound that negatively 
impacts carbon assimilation and ultimately reduces yields in many plant species, including 
wheat, rice, soybean and corn. Adapting current germplasm to elevated [O3] is important to 
maintain current crop yields and improve them into the future. There have also been great strides 
in genomic technologies, which will be useful in adapting plants to a changing world, but the rate 
at which we are able to phenotype for traits of interest has not kept pace with genomic 
advancements. The development of meaningful high-throughput collection methods that can be 
rapidly and accurately applied en masse to phenotype for difficult and time-consuming traits is 
needed to improve crop yields into the future. The goals of my research are to identify genomic 
regions within soybean and maize genomes that are responsible for the intraspecific variation in 
O3 response, and to develop means of quickly phenotyping leaf-level photosynthetic and 
biochemical traits in both crop species that will ultimately be used to phenotype large breeding 
populations and germplasm collections. 
The global population is projected to grow to 9.7 billion by 2050. This expected increase 
has resulted in many calls for producing substantially more food, feed, fuel and fiber, a near 
doubling in some cases, to meet the demands of this larger and more affluent world population 
(Ray et al., 2013). An emphasis has been placed on meeting this challenge in more 
environmentally friendly ways, which would require the vast majority of these gains to happen 
on today’s agricultural footprint. This challenge for agriculture will be complicated by global 
climate change including increases in [O3], carbon dioxide concentrations [CO2], temperature, 
and more intensive drought and flooding. Tropospheric [O3] is estimated to reduce current maize 
and soybean yields by up to 10% (McGrath et al. 2015). Ozone enters leaves through the stomata 
and causes oxidative stress. Accelerated senescence and decreases in photosynthetic capacity are 
hallmark responses of maize and soybean to elevated [O3] stress. 
Maize (Zea mays L.) and soybean [Glycine max (L.) Merr.] are the two most produced 
crops in the United States (U.S. USDA NASS, 2018). While actualized yields continue to 
improve for soybean and maize (Duvick, 2005; Specht et al., 2014), annual gains are projected to 
be insufficient to meet the demands of a growing world population (Ainsworth et al., 2008; 
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Raines, 2011; Ray et al., 2012; Ray et al., 2013; Hunter et al., 2017). Improved conversion 
efficiency, the process of converting solar energy into biomass, has been proposed as a method 
to improve crop yields (Zhu et al., 2010; Parry et al., 2011; Raines, 2011; Lawson et al., 2012). 
However, photosynthesis is also sensitive to O3 pollution. My research will focus on 
understanding genetic variation in photosynthesis, and its response to rising [O3] in maize and 
soybean.  
To put the negative effect of O3 on soybean and maize production into context, the 
literature suggests that soybean is one of the more sensitive food crops to O3 pollution 
(Emberson et al., 2009) with estimated loses between $1.8 to $3.9 billion in the United States in 
2000 (Van Dingenen et al., 2009). Avnery et al. (2011) estimated O3 reduced soybean yields 
between 8.5-14% and maize yields 2.2-5.5% in 2000. Using historical time-series data and a 
multiple linear regression statistical approach, McGrath et al. (2015) estimated that maize was 
just as sensitive to O3 as soybean. With [O3] having increased by ~50% over the past century and 
projected to increase by an additional 10% by 2030 (Staehelin et al., 1994; Ebi and McGregor, 
2008), there is a need to understand the mechanisms of O3 response and to develop O3 tolerant 
varieties (Frei, 2015; Ainsworth, 2017). Extensive research has been completed studying the 
effects of elevated [O3] on C3 crops in growth chambers, greenhouses, open-top chambers 
(OTC), and free air concentration enrichment (FACE) facilities (Booker and Fiscus, 2005; 
Bernacchi et al., 2006; Morgan et al., 2006; Betzelberger et al., 2010; Frei et al., 2010; Burton et 
al., 2016; Chutteang et al., 2016; Leisner et al., 2017; Waldeck et al., 2017), but there has been 
less research on the effect of O3 on C4 crops like maize (Heagle et al., 1972; Heagle et al., 1979; 
Rudorff et al., 1996; Ruzsa et al., 1999; Yendrek et al., 2017a; Yendrek et al., 2017b). While the 
negative effects of O3 are evident, intraspecific variation in plant responses (leaf damage, 
chlorosis, decreased photosynthetic capacity, and yield) to O3 are observed in both soybean and 
maize (Burkey and Carter, 2009; Betzelberger et al., 2010; Yendrek et al., 2017a), which may 
allow for the potential to breed for O3 tolerance (Frei, 2015).  
 The genetic and genomic resources available for soybean and maize are substantial. Both 
species have multiple reference genomes sequenced (Schnable et al., 2009; Schmutz et al., 2010; 
Hirsch et al., 2016). Next-generation sequencing (NGS) approaches like genotyping-by-
sequencing (GBS) have been utilized to identify hundreds of thousands of single nucleotide 
polymorphisms (SNPs) (Lam et al., 2010; Elshire et al., 2011; Li et al., 2013; Qiu et al., 2013). 
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Marker assisted selection (MAS) and genomic selection have the potential to drastically increase 
the speed and accuracy of selection in breeding programs (Varshney et al., 2009). These genomic 
tools leveraged with the many publicly available mapping populations including Nested 
Association Mapping (NAM), Multi-parent Advanced Generation Inter-Crosses (MAGIC), near-
isogenic lines (NILs) and recombinant inbred lines (RILs) provide geneticists and breeders with 
the ability to gain many insights about traits of interest and to advance plant breeding (Varshney 
et al., 2014); however, this abundance of genomic data depends on the ability to phenotype 
plants in the field.  
Phenotyping for quantitative traits appears to be the largest hurdle and the limiting factor 
behind screening available germplasm and large breeding populations to meet the goal of 
providing sufficient food for the future (Furbank and Tester, 2011; Cabrera-Bosquet et al., 2012; 
Araus and Cairns, 2014). The need to produce high-throughput phenotyping technologies that 
can rapidly and non-destructively sample traits of interest to improve crop performance is 
apparent. Many different strategies have been taken to develop high-throughput technologies to 
attain this goal with model species in controlled environments and, more meaningfully, crop 
species in the field (Fahlgren et al., 2015). Hyperspectral cameras, LIDAR, and infrared sensors 
have all been deployed to attain this goal. Early research into these technologies show that there 
is promise of utilizing them to develop high-throughput means of measuring many traits. High-
throughput phenotyping technologies may allow for the prediction of novel traits that have 
received little attention in crop development because of the time and difficulty in sampling that 
may provide substantial gains like O3 tolerance and increased photosynthetic capacity (Long et 
al., 2006; Zhu et al., 2010; Ainsworth, 2017). 
In the following three chapters I will 1) discuss primarily leaf-level traits in inbred maize 
lines that are sensitive to an elevated O3 environment as well as the mapping of many of these 
quantitative trait loci in two near-isogenic line populations of maize, 2) identify QTL associated 
with O3 response in a recombinant inbred line (RIL) population developed from adapted soybean 
cultivars, and 3) present the development of high-throughput, non-destructive predictive models 
to quickly phenotype various leaf-level photosynthetic and biochemical traits in soybean 
utilizing reflectance measurements which were then applied to the Soybean Nested Association 




CHAPTER 2: SCREENING AND MAPPING PHYSIOLOGICAL AND PRODUCTIVITY 
RESPONSES OF MAIZE NEAR-ISOGENIC LINES TO ELEVATED OZONE 
EXPOSURE 
Introduction 
Ozone (O3) is the most destructive air pollutant to plants (USDA 2012), and is estimated to cause 
as much yield loss in maize as nutrient limitation, aridity stress, or temperature stress in the 
United States (Mills et al., 2018a). Upon entering the leaf through stomata, O3 quickly reacts 
with any number of aqueous internal leaf structures damaging cell walls and membranes and 
creating reactive oxygen species (ROS). These ROS initiate a cascade of response mechanisms 
that activate plant defense systems, change transcription, and induce a hypersensitive response or 
programmed cell death, especially at very high O3 concentrations ([O3]) (Fiscus et al., 2005; 
Vainonen and Kangasjarvi, 2015). Exposure to O3 causes leaf chlorosis, mottling, and bronzing. 
Ozone damage may also cause a decrease in leaf area and water use efficiency (WUE) due to a 
loss of stomatal control, decreased photosynthetic metabolism, increased respiration, and 
accelerated senescence ultimately leading to lower yields (Fiscus et al., 2005; Felzer et al., 2007; 
Wilkinson et al., 2012; Ainsworth, 2017). Negative effects of elevated [O3] have been reported in 
most plant species including trees, forage species, common bean, soybean, rice, barely, wheat, 
potato, switch grass, and maize (Booker and Fiscus, 2005; Bernacchi et al., 2006; Morgan et al., 
2006; Betzelberger et al., 2010; Frei et al., 2010; Burton et al., 2016; Chutteang et al., 2016; 
Leisner et al., 2017; Waldeck et al., 2017).  
While the negative effects of O3 pollution on crops are evident, easily implemented 
screening methods to breed for O3 tolerance are challenging. This is partly because O3 varies 
spatiotemporally among and across growing seasons, limiting the ability to use field trials in 
different locations as a means to vary O3 stress (Biswas et al., 2009). For experimental studies, 
the infrastructure to implement an elevated O3 treatment is expensive, technically demanding, 
and space-limited. Screening for the most appropriate traits across germplasm or in a mapping 
population is also difficult because many of the negative effects of O3 are cumulative and are not 
observed until prolonged exposure to the pollutant (i.e. chlorosis, early senescence, final yield). 
Some studies have shown the efficacy of screening plants for short durations under elevated [O3] 
in order to rapidly screen many different accessions or limit the numbers progressed in a 
breeding program (Burkey and Carter, 2009; Manigbas et al., 2010). The results from these 
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studies provided useful tools to screen different lines under elevated O3, but were limited in 
simulating a future ambient [O3] that crops will ultimately face throughout the extent of the 
growing season in many of the world’s major production regions. Despite these difficulties and 
limitations in applying O3 treatments, intraspecific variation in plant responses (leaf damage, 
chlorosis, decreased photosynthetic capacity, and yield) to elevated [O3] have been reported for 
many different crop species (Burkey and Carter, 2009; Betzelberger et al., 2010; Yendrek et al., 
2017a). The variation in response and the identification of O3 tolerant traits and associated 
genetic markers have allowed for some significant advances toward breeding for O3 tolerance in 
rice (Frei, 2015; Ueda et al., 2015). Additional research altering the O3 environment has 
identified targets to aid in marker assisted selection (MAS) and developed a better understanding 
of the heritability of O3 tolerance in crops (Burkey and Carter, 2009; Burton et al., 2016; 
Mashaheet et al., 2016; Choquette et al., 2019).  
Selection for plant improvement is best completed in the environment in which the crops 
are grown (Rapacz et al., 2015; Poorter et al., 2016; Rouphael et al., 2018). This task is made 
more difficult when attempting to make selections for a future atmospheric environment. Free 
Air Concentration Enrichment (FACE) facilities allow for the manipulation of the local 
atmosphere to predicted future concentrations and provide a unique opportunity to test the 
response of plants to rising carbon dioxide [CO2] or ozone [O3] in the field (Hendrey and 
Miglietta, 2006). Unlike greenhouses, growth chambers, and open-top chambers, FACE allows 
plants to reach full maturity in a standard agronomic setting while maintaining all other 
environmental conditions at ambient levels except the imposed treatment (Hendrey and 
Miglietta, 2006). While this improvement on previous technology provides a more realistic 
opportunity to study how plants respond to a changing climate, the experiments are at the mercy 
of annual variation in other environmental variables. The research conducted and conclusions 
drawn from FACE facilities benefit from multiple years of study allowing for a more nuanced 
understanding of plant responses to climate change (Fitzgerald et al., 2016; Gray et al., 2016; 
Houshmandfar et al., 2016). By pairing FACE technology with the vast genomic resources 
available in many crops, researchers can screen mapping populations to adapt crops for future 
climate scenarios.  
The aim of this research was to first screen two well-researched public inbred maize lines 
for O3 response with the goal of identifying traits that varied between them. We then screened 
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two near-isogenic line mapping populations derived from those inbreds under elevated O3 at a 
FACE research facility to identify genetic loci associated with O3 response. The results presented 
here can be used for general improvement of maize inbred lines as well as provide targets for the 
incorporation of O3 tolerant germplasm into breeding programs.  
 
Materials and Methods  
Field Experiment 
From 2014 to 2017, inbred lines B73 and Mo17 were grown at the SoyFACE Research Facility 
(soyface.illinois.edu, 40.04 N, -88.24 W). These maize lines were planted in 20 m diameter 
octagonal plots that allowed for the manipulation of [O3] in the field as described by Yendrek et 
al. (2017a) and Morgan et al. (2004). All maize lines were subjected to ambient and elevated 
[O3] in an augmented randomized complete block design with paired treatment rings as blocks. 
The set point of the elevated O3 treatment was 100 ppm. The treatment was applied daily from 
10h to 18h for the duration of the growing season except when raining or when sustained wind 
speeds dropped below 0.5 m s-1. Planting dates, growing season averages for the ambient and the 
elevated [O3] treatments throughout the duration of the experiment, and all other meteorological 
are shown Supplemental tables 2.6 & 2.7 and Supplemental Figure 2.7. All plots had drip 
irrigation which was used when needed to avoid visible indicators of water stress (i.e. leaf 
curling).  
The inbred lines were planted with an Almaco SeedPro Precision Planter in 3.35 m rows, 
0.76 m row spacing, and 8 plants m-1 in 2014 and 2015. B73 was planted in 10 rows, and Mo17 
was planted in 4 rows within a research plot in 2014. In 2015, 5 rows of both B73 and Mo17 
were planted within each sub-block (defined as the NE, NW, SE, SW, and center of the ring) to 
incorporate any spatial variations in the treatment.  
In 2016 and 2017, B73 and Mo17 were hand-planted in each of 5 sub-blocks (NE, NW, 
SE, SW, Center) within the ring in 1.65 m rows with the same row and plant spacing as 
described above. Fifty Mo17-like near-isogenic lines (NILs) with B73 introgressions and 50 of 
the 100 B73-like NILs with Mo17 introgressions developed by Eichten et al. (2011) were 
randomly assigned to 5 entry sets (20 NILs/entry set) which were then randomly assigned to sub-
blocks with the exception that no entry set was planted in the SW sub-block more than once. The 
NIL populations were developed by three generations of backcrossing to the recurrent parent 
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followed by six generations of selfing. The reported genotype information and mapping 




Research plots were scouted regularly for signs of tassel emergence. Following tasseling, all 
plots were visually monitored daily for pollen shed and silk emergence. A plot was determined to 
be in anthesis when half of all measured plants in a row showed signs of pollen shed (at least 1 
hanging anther). Similarly, rows with half of all plants with at least one silk emerged were scored 
for silking. The anthesis-silking interval (ASI), the time in days between anthesis and silking, 
was derived from anthesis and silking observations taking growing degree days into account in 
all four years on the experiment. 
In 2014 and 2015, six leaf hyperspectral reflectance measurements were captured using a 
full-range spectroradiometer (ASD FieldSpec 4 Standard Res; Analytical Spectral Devices) from 
the adaxial side of the third youngest, collared leaf at midday (11h-15h) during vegetative 
development. In 2014, two representative plants were selected from each row for measurements. 
In 2015, one plant from each row was sampled with five total leaves captured per inbred line. In 
2016 and 2017, reflectance measurements were captured from two plants on the leaf subtending 
the ear during maize reproductive development. Reflectance measurements were collected from 
14-18 July in 2014, 15-16 July in 2015, 26-29 July in 2016, and 5-8 August in 2017. Reflectance 
measurements were processed for quality, outlier removal, and averaged per leaf using the 
FieldSpectra R package (Serbin et al., 2014). Estimates of leaf chlorophyll content (µg cm-2), 
percent leaf nitrogen (%), specific leaf area (SLA) (mm2 mg-1), leaf sucrose content (µmol m-2), 
and Vmax (µmol m-2 s-1) were derived from leaf reflectance based PLSR models in Yendrek et al. 
(2017b).   
Leaf gas exchange measurements were conducted on 1-8 August, 2016 on the 2nd leaf 
below the flag leaf. In 2017, leaf gas exchange measurements were taken 2-9 August, 2017 on 
the leaf subtending the ear was measured. Two leaves per genotype were measured over the 
course of ~8 days in each year. One leaf per genotype per ring pair was cut for measurements 
each day, and cut leaves were immediately placed in water, transported to a lab, recut under 
water and placed in 50 mL tubes filled with water. Leaves were stored in dimmed light. 
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Approximately one hour before gas exchange measurements, leaves were placed in a growth 
chamber under the following conditions: 1800 photosynthetic photon flux density (PPFD, µmol 
m-2 s-1) at the leaf surface, 18 oC air temperature (25 oC leaf temperature) and relative humidity 
of 60%. After one hour of acclimation, leaf gas exchange was measured with four portable 
photosynthesis systems (LI-6400; LI-COR Biosciences, Lincoln, NE, USA) with 2 x 3 red/blue 
LED cuvettes (LI-6400-02B; LI-COR Biosciences, Lincoln, NE, USA). Leaf gas exchange was 
recorded every 4 seconds for 4 minutes using the autolog function. The mean flux over the last 
minute was calculated for net photosynthesis (A), stomatal conductance (gs), and the ratio of the 
leaf intercellular concentration of CO2 to atmospheric CO2 (Ci:Ca). 
Leaf samples were collected on 16 July 2014 and 15 July 2015 to determine the 
antioxidant capacity of the leaf via the oxygen radical absorbance capacity (ORAC) assay and to 
determine specific leaf area (SLA). The third youngest mature leaf was sampled from three 
representative plants from each genotype for both traits. A cork borer was used to excise one 
tissue punch of approximately 1.4 cm2 in size from the leaf and flash frozen in liquid nitrogen. 
These samples were processed for ORAC using the protocol from Gillespie et al. (2011). A 
larger cork borer was used to excise three leaf punches of 9.6 cm2 for estimates of SLA. These 
punches were placed in small paper envelopes, dried at 65 °C for approximately 1 week, and 
weighed. The same leaf as described in the methods for gas exchange measurements in 2016 and 
2017 was sampled immediately following gas exchange measurements for estimates of SLA. 
Leaf length and leaf width were measured on the leaf subtending the ear on three plants 
per row with a ruler on 23-24 July 2014. Leaf length was measured from the ligule to the tip. 
Leaf width was measured at the widest point between the leaf margins perpendicular to the 
midrib. Flag leaf height, ear height, the leaf number of the leaf subtending the primary ear (ear 
leaf number), and total number of leaves per plant (total leaf number) were scored on eight plants 
per row following anthesis. Height was measured from the base of the plant to the collar of the 
flag leaf and the node of the primary (uppermost) ear with a telescopic meter stick. The leaf 
associated with the leaf subtending the ear and total leaf number was determined by counting 
leaves on each plant. The 5th and 10th leaves were marked during vegetative development to 
accurately include senesced leaves in the ear leaf number and total leaf number counts. Yield 
was estimated at final maturity. Ears were hand harvested at final maturity, and the number of 
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ears per row were counted. The ears were dried at 60 °C for approximately one week. The ears 




In 2014, the mixed linear model 𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜇𝜇 + 𝑡𝑡𝑖𝑖 + 𝜌𝜌𝑖𝑖𝑖𝑖 + 𝑔𝑔𝑖𝑖 + 𝑡𝑡𝑔𝑔𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 was fit, where 𝑗𝑗 is the 
jth treatment, 𝑖𝑖 is the random effect of the ith ring pair (𝑖𝑖 = 1,..4), and 𝑘𝑘 is the kth genotype. 
Residuals were fit as 𝜀𝜀 ~ Ν(0, Σ) where Σ is the variance covariance matrix with diagonal 
elements 𝜎𝜎𝑖𝑖 and all off-diagonal terms are zero except for a single covariance 𝜌𝜌 to account for 
spatial variation among observations in the southwest quadrant of the elevated [O3] rings. In 
2015, the ring was divided into five sectors (northeast, northwest, southeast, southwest and 
central) and in each sector both genotypes were planted. The 2015 model was as follows: 𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =
𝜇𝜇 + 𝑡𝑡𝑖𝑖 + 𝜌𝜌𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑠𝑠�𝑝𝑝𝑖𝑖𝑖𝑖� + 𝑏𝑏𝑖𝑖 + 𝑔𝑔𝑖𝑖 + 𝑡𝑡𝑔𝑔𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 was fit, where 𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is the trait value for the ith 
ring pair (𝑖𝑖 = 1,..4), the sth sector (𝑠𝑠 = 1,..5) nested inside the ring pair for the jth treatment, the 
lth sector (1 for the sector in the southwest, 0 otherwise), and the kth genotype. Ring pair and 
sector were treated as random with all other effects fixed. 
 
2016-2017 
A series of models were compared to determine the field design component of the final 
model. B73 and Mo17 were used to estimate field effects because they were planted in each 
entry-set and sub-block. The two parental inbred lines were also used to determine if the entry-
set and sub-block were significant terms in the model. Ring pair (block) was included in the final 
model as a random effect to account for differences in variance between ring pairs across the 16 
ha field. Growing degree days were calculated for anthesis and log transformed (logAnth) to be 
used as a covariate to minimize developmental differences among the NILs in the mapping 
results. The resulting models for all analyses matched the model outlined in 2015 and included 
covariates logAnth as fixed and were analyzed with a generalized linear mixed model (Proc 
GLIMMIX; SAS).  
                                                 
1 Statistical models were executed by Lauren McIntyre, Alison Morse, and Funda Ogut 
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An overall model was run separately between the two NIL populations. This model tested 
the effect of genotype, O3 treatment, and the interaction effect between genotype and O3 for each 
population, respectfully. A separate model was run using contrast statements to make 
comparisons between the recurrent parent and NIL lines (ex. B73-like NIL compared to B73) 
from a given population. Reported values are LSmeans and standard errors  
(Supplemental Files 2.1 and 2.2). Significant differences were determined by Type I results.  
Potential outlier removal and additional data curating was conducted at the cultivar level 
within a given treatment as outlined in Yendrek et al. (2017b) and Choquette et al. (2019). In 
short, measurements that had an outsized influence on model efficacy were removed from the 
final model runs. There was little evidence for heteroscedasticity between the treatments. 
Attempts to remove additional outliers to deal with the minimal heteroscedasticity present in a 
small number of traits resulted in a failure to reject the null of homoscedasticity, so this was not 
implemented. Data with standardized residuals greater than ±3 were trimmed for model 
comparison. The reduced model did not influence the model efficacy in 2016 or 2017, so the full 
data set was included. 
 
NIL mapping 
Three separate approaches were used to map the traits reported above in two NIL populations 
with B73 and Mo17 as the recurrent parent and the alternate parent as the donor parent, 
respectively. The first method relied on a linear model which allowed for contrast statements 
comparing the LSmeans of the recurrent parent and respective NIL from each population 
mentioned above. This method has the ability to identify individual NILs that are significantly 
different from the recurrent background, but because the populations used have limited 
generations of backcrossing, it is unable to isolate specific genomic regions likely to carry the 
QTL. This method will be called the “Contrast method” throughout the chapter. The next method 
was performed using RSTEP-LRT (Wang et al., 2006; Wang et al., 2007; Meng et al., 2015) 
within the chromosome segment substitution lines (CSL) function of the QTL IciMapping 
software version 4.1.0.0 (Meng et al., 2015). This method is referred to as the “RSTEP-LRT 
method.” The RSTEP-LRT method can provide specific markers that are most significant to the 
quantitative traits measured allowing QTL to be reported as such. The third method uses the 
“hypothesis testing flowchart” method for QTL identification in NIL populations as outlined in 
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Szalma et al. (2007), and is referred to as the “Szalma method.” This method effectively provides 
confidence intervals for identified QTL based on the significance of the donor introgression. 
Similar to the contrast method, the Szalma method is unable to distinguish a specific QTL region 
if the NILs containing the significant introgression are correlated with another significant 
introgression for a given trait. 
In the contrast method, contrast statements were run following the above statistical model 
(within a given population and year) to compare the LSmeans of the genotype and genotype x 
treatment interaction effect for each NIL against the effects for the recurrent parent from the 
population (i.e. B73-like NIL vs B73). Adjusted P values were calculated from the contrast 
statements using the Benjamin-Hochberg false discovery rate (FDR) procedure of .05 to 
determine NILs that were statistically different from the recurrent parent.  
The RSTEP-LRT (likelihood ratio test based on stepwise regression) QTL mapping 
technique for near-isogenic lines (also named CSL) in the IciMapping software (version 4.1.0.0, 
available at www.isbreeding.net) was applied as outlined in Wang et al. (2006; 2007). The 
RSTEP-LRT approach allows for significant QTL to be identified and removes the noise 
associated with other mapping strategies (single marker regression, interval mapping, etc.). QTL 
were mapped in each environment, year, and population separately. The software allows for an 
additional QTL run based on the average value for a trait in all year and environment 
combinations and was also performed for each population. Markers not segregating within the 
Mo17-like population were removed prior to the analyses. Standard settings for the CSL protocol 
were used except for the determination of a significance threshold, which was performed by 
permutation (1000X) for each trait within a given environment (year by treatment combination). 
The most significant marker is reported as the QTL. Some traits within certain environments 
returned multiple QTL. When appropriate, multiple QTL are reported for a given trait with no 
designation assigned to the order in which the QTL was identified. An example of this result is 
with QTL for Anthesis in the 2016 ambient O3 treatment. Four QTL were identified for Anthesis 
in this environment on chromosomes 1, 3 (2 QTL), and 8. The percent variation explained 
(PVE%) for each QTL within an environment was also calculated (Table 2.3). 
The Szalma method followed the protocol outlined in Szalma et al. (2007), primarily the 
“hypothesis testing flowchart” method. An R script was written to automate processing of the 
traits within a given population and environment. Unlike the RSTEP-LRT method, no combined 
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analyses across years and environments were performed with this method. The procedure was as 
follows. Non-segregating markers within a given population were removed. For each marker, a 
linear model was run comparing the trait (LSmean value) to the class defined as parent, 
recurrent, or donor. Contrast statements between the parent phenotype and the mean value of all 
NILs carrying the donor allele at a specific marker were then performed based on the linear 
model. Significant contrasts were determined if the loci had a P value < .05. No multiple 
comparison adjustments were performed as suggested by Szalma et al. (2007) because these 
comparisons were pre-planned. If no significant markers were present, then there were no QTL 
for a given trait. Contiguous significant markers were identified as significant introgressions. If 
only a single introgression was declared significant, the introgression was called a “Final QTL.” 
For multiple significant introgressions, comparisons were made to determine if any NILs were 
shared between significant introgressions. If one of the introgressions did not share any NILs 
with the other introgressions, this introgression was called a Final QTL. Additional hypothesis 
testing was performed for introgressions with shared NILs. The null for the hypothesis test for 
multiple introgressions was that there were no pairwise differences within unique NILs for 
introgression A, which tested QTL presence in introgression B. The reciprocal was also 
conducted. This was performed by either a two-sided, unpaired t-test (when 2 NILs were unique 
to an introgression, sig P value <.05) or all pairwise contrasts derived from an ANOVA (when 3 
or more NILs were unique to an introgression, significant when 95% confidence intervals did not 
contain 0 for at least one NIL contrast) (R package rpsychi). If the null hypothesis was not 
rejected for either introgression or there was only one NIL carrying the donor allele, the Final 
QTL location could not be determined. These QTL were called “Probable QTL.” If the null was 
rejected for both introgressions, A and B, then both contained a true, Final QTL. If the null was 
rejected for one or the other introgression, the respective QTL location could be called a “Final 
QTL.” For the remainder of the chapter, only Final QTL were reported unless otherwise 
specified. 
All statistical analyses for the Szalma method were performed using RStudio version 
1.1.463 (RStudio team, 2015) and R version 3.5.2, with the following R packages: ‘rphysci’ 
(Okumura, 2011), ‘gmodels’ (Warnes et al., 2018), and ‘stats’ (R Core Team, 2018). An example 





B73 and Mo17 responses to elevated O3 in 2014 and 2015 
B73 and Mo17 significantly differed in time to anthesis (Anthesis), time to silking (Silking), and 
the anthesis-silking interval (ASI) in both 2014 and 2015 (Figure 2.1). The O3 treatment did not 
consistently alter the time of development events, although in 2014, Silking was significantly 
delayed and the ASI was lengthened. There were no significant treatment effects or interaction 
effects in 2015.  
B73 and Mo17 also varied in leaf-level physiological traits and responses to elevated 
[O3]. There were significant genotype differences in most of the measured and modeled traits 
including Chlplsr (µg cm-2), SLA (mm2 mg-1), Sucplsr (µmol cm-2), Vmax,plsr (µmol m-2 s-1) and 
percent leaf Nplsr (Figure 2.2). The O3 treatment significantly reduced Chlplsr, leaf Nplsr, and 
Vmax,plsr in both 2014 and 2015. There was also a significant O3 effect on Sucplsr in 2015. There 
were significant GxT effects for Chlplsr and Vmax,plsr with Mo17 showing greater reductions in the 
elevated O3 treatment relative to B73 for both traits in 2014, and for Chlplsr in 2015 (Table 2.2).  
B73 and Mo17 showed significant differences in yield (g ear−1) and final height (cm) in 
both 2014 and 2015. However, the effect of elevated [O3] on yield and final height varied across 
years. There was a significant GxT interaction on yield in 2014 with Mo17 showing reduced 
yield in elevated [O3], but not B73. In 2015, there was no treatment effect on yield or GxT 
interaction (Figure 2.3). Final height also showed a significant GxT interaction effect in 2014. 
Additional traits that were measured include ear height (cm), leaf length (cm), leaf width (cm), 
and total leaf number (Supp. Fig. 2.1, Supp. Table 2.1). These traits varied between genotypes in 
2014. ORAC (nmol cm−2) was also only measured in 2014 and had no significant genotype, 
treatment, or GxT effects.  
 
NIL population responses to ambient and elevated O3 treatments in 2016 and 2017 
In both the B73 and Mo17 NIL populations, elevated O3 decreased the average Yield, A, gs, 
LeafNplsr, Chlplsr, and Vmax,plsr and increased ASI and SLA (Supp. Table 2.3). The trait values 
were correlated across the two years of the experiment showing only slight differences in the 
values for certain traits (Anthesis, Silking, and Yield) between 2016 and 2017 (Supp. Fig. 2.2). 
Transgressive segregation, phenotypes exceeding the parental phenotypes, for all traits were 
observed in both populations, treatments, and years (Supp. Fig. 2.5). For all traits in both years, 
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genotype was a highly significant (P value <.001) term in the Type I model (Supp. Table 2.2). In 
2016, the O3 treatment was significant in both populations for Silking, A, gs, SLA, LeafNplsr, 
Chlplsr, and Vmax,plsr. The treatment effect varied among the populations for Yield (Mo17-like), 
Anthesis (B73-like) and ASI (Mo17-like). The GxT interaction effect was only significant for 
Yield in the B73-like population while A, LeafNplsr, Chlplsr, and Vmax,plsr showed significant GxT 
effects in the Mo17-like population. Not all of the same traits that were significant for the 
treatment effect in 2016 were significant in 2017. A, Chlplsr, and Vmax,plsr were consistent across 
years while Yield, A:gs and Ci:Ca were only significant in 2017. Both populations showed 
significant GxT for A and LeafNplsr. The B73-like population had a significant GxT effect for gs, 
and the Mo17-like population had significant GxT effects for Yield, Chlplsr, and Vmax,plsr. 
Notably, SLA was significantly different due to the elevated O3 treatment in 2016 for both NIL 
populations, unlike what was reported for the parent lines in 2014 and 2015 (Figure 2.2). SLA 




The contrast method identified at least one NIL with a significant difference from the recurrent 
parent for every trait in both the B73-like NIL and the Mo17-like NIL populations in both 2016 
and 2017 (Figure 2.4 & 2.5, Supp. Table 2.4 A-D). A minimum number of two NIL lines 
significantly differed from B73 for the Leaf Nplsr trait in 2016 and a maximum number of NILs 
(28) differed for Silking in 2017 (Supp. table 2.4 A-B). Individual B73-like NILs varied in the 
number of traits that were significantly different from the B73 recurrent parent. Some lines 
showed no difference while others had up to six traits that significantly differed from B73. In 
2016, there were a total 102 significant contrast statements across all reported traits for the B73-
like NIL population (Figure 2.5, Supp. Table 2.4 A), and there were 143 significant contrasts 
across all reported traits for the same population in 2017. The Mo17-like NILs also had at least 
one significant contrast (A, 2016) for all traits across both years and a maximum number of 
significant contrasts against Mo17 for Yield (28) in 2016 (Supp. Table 2.4 C-D). Individual 
Mo17-like NILs varied in the number of significant contrasts with some NILs with zero 
significant contrasts, while others had as many as seven. The total number of significant 
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contrasts across all lines and all traits were 100 for 2016 and 131 for 2017 in the Mo17-like NIL 
population (Figure 4, Supp. Table 2.4 C-D).  
Seventeen unique NILs were identified with significant GxT contrasts relative to the 
recurrent parent (2016 - Figures 2.4 & 2.5, Table 2.2). Two Mo17-like NILs (m007 and m046) 
showed the same significant GxT across both years of the experiment. Both m007 and m046 
showed significant differences in GxT for Chlplsr, while m007 also showed consistent significant 
GxT interactions for Leaf Nplsr and Vmax,plsr. There was only one additional Mo17-like NIL 
(m079) in 2016 with a significant GxT interaction effect for ASI. In 2017, there were six 
additional Mo17-like NILs that had a significant GxT. These traits were ASI (m014 and m060), 
Chlplsr (m091), A (m030, m048, and m073), and Vmax,plsr (m091).  
No B73-like NILs had a significant GxT across both years of the experiment (Table 2.2). 
In 2016, three B73-like NILs (b004, b050, b152) showed significant differences from B73. The 
NIL lines b004 and b050 showed an increase in yield in the elevated O3 treatment, and b152 
resulted in a decrease in the days to anthesis. In 2017 there were five different lines (b043, b081, 
b131, b149, b177) that showed a significant interaction effect. The traits with significant 
interaction effects were Chlplsr, (b043), Leaf Nplsr (b081 and b177), and A (b131 and b149). There 
were eight significant interaction contrasts across both populations and across all traits and NILs 
in 2016, while there were sixteen in 2017. There were no significant GxT for Ci:Ca, gs, A:gs, 
Silking, and SLA in either population (Table 2.2).  
 
RSTEP-LRT method 
The RSTEP-LRT method identified 58 QTL across all traits, years, populations, 
treatments as well as the combination of all within population year-treatment combinations 
(Figure 2.6, Table 2.3). Of these QTL, 30 were in unique locations found on 9 of the 10 
chromosomes of the maize genome. There were no QTL discovered on chromosome 5. Thirty of 
the 58 QTL were identified in the B73-like population, and the remaining 28 were identified in 
the Mo17-like population. Across both years, there were 9 QTLs identified in the ambient O3 
treatment and 13 QTL in the elevated O3 treatment for the B73-like population. In the Mo17-like 
population, there were more QTL identified in the elevated O3 treatment (14) than the ambient 
O3 treatment (8) and that trend was consistent across years.  
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Stable QTL for the purpose of this chapter are defined as those QTL identified within a 
given NIL population across all four year and treatment combinations (“Combined”) (Figure 2.6, 
Table 2.3). For the B73-like NILs, there were 8 stable QTL for five different traits (Ci:Ca (chr 1), 
gs (chr 1), A:gs (chr 1 and 7), Anthesis (chr 1, 3, and 8), and Silking (chr 8)). Of these 8 stable 
QTL, 5 were co-localized, meaning more than one trait mapped to a specific bacterial artificial 
chromosome (BAC) clone marker identified in Eichten et al. (2011). The gas exchange traits 
(Ci:Ca, gs, and A:gs) were all associated with BAC AC196111 on chromosome 1. Anthesis and 
Silking were also co-localized to the long arm of chromosome 8 (BAC AC211181). The Mo17-
like NIL population had 6 stable QTL for five different traits. Ci:Ca and A:gs were co-localized 
on chromosome 7 (BAC AC199224).  
Across all reported QTL, there were 7 that were co-localized (Figure 2.6, Table 2.3). The 
only two co-localized QTL from the B73-like population shared the locations of the stable QTL 
on chromosomes 1 and 8 and added no new traits to those already reported. The Mo17-like 
population had five co-localized QTL including the one previously mentioned on chromosome 7. 
In addition to Ci:Ca and A:gs, a QTL for Chlplsr (2016ele) was discovered at chromosome 7 (BAC 
AC199224). The other co-localized QTL for the Mo17-like population were discovered at 
chromosome 6 (BAC AC212394, Vmax,plsr 2016ele and A 2017ele), chromosome 7 (BAC 
AC186884, Ci:Ca 2017ele, A:gs 2017ele; BAC AC207204, gs combined, 2017amb, and A:gs 
2017amb), and chromosome 10 (BAC AC199356, gs combined and 2017amb, and A:gs 
2017amb). Several trait group locations occurred within the genome which showed strong or 
recurring QTL across environments. The developmental traits appeared to cluster on the short 
arm of chromosome 1 and the long arms of chromosome 3 and 8 for the B73-like population. 
The gas exchange traits were dominant on the short arm of chromosome 1 for the B73-like QTL, 
and were located on the short arm of chromosome 2, multiple locations on chromosome 7, and 
the long arm of chromosome 10 for the Mo17-like population. Surprisingly, no QTL were shared 
for any trait across the NIL populations when considering only the significant BAC. Both 
populations had a significant QTL for Chlplsr on chromosome 2, Vmax,plsr on the long arm of 







Across environments, years, and populations (no combined analyses was conducted for either 
NIL population with the Szalma method), there were 28 Final QTL identified representing all 
twelve of the tested traits (Supp. Fig. 2.3, Supp. Table 2.5). No Final QTL were identified on 
chromosomes 3 or 9. Fifteen of these QTL were identified in the ambient O3 treatment while 13 
QTL were identified in the elevated O3 treatment. Only a small number of QTL identified by the 
RSTEP-LRT method fell within the Final QTL introgressions determined by the Szalma method: 
the Anthesis QTL on chromosome 1 for the B73-like population in the 2016Amb environment 
and the ASI QTL on chromosome 4 for the Mo17-like population 2017Ele; however, there were 
a few QTL of similar traits (e.g. gas exchange) that appeared near one another across QTL 
methods. There was a QTL in the Mo17-like population on the long arm of chromosome 7 for 
both Ci:Ca and A:gs that were approximately 1Mb apart. There was also a QTL for gs located on 
the long arm of chromosome 10 in the Mo17-like population in 2017Ele that was identified by 
both methods. The addition of the Probable QTL (potentially 29 additional QTL) from the 
Szalma method only provided one additional paired QTL across the two methods (Mo17-like – 
Vmax,plsr 2016Ele) (Supp. Fig. 2.4, Supp. Table 2.5). Because of the increased power and narrower 
confidence intervals of the RSTEP-LRT QTL mapping method (Wang et al., 2006; Wang et al., 
2007; Meng et al., 2015), only these QTL will be discussed in the remainder of the chapter 
unless otherwise stated. 
 
Discussion 
Intraspecific variation in response to elevated O3 is the basis for breeding O3 tolerant cultivars, 
and has been identified in soybean (Burkey and Carter, 2009), rice (Frei, 2015), wheat (Biswas et 
al., 2008) and maize (Yendrek et al., 2017a; Choquette et al., 2019; Sorgini et al., 2019). Here we 
examined two of the most commonly studied maize inbreds, B73 and Mo17 (Bortiri et al., 2006). 
The lines have significantly different developmental trajectories, leaf biochemical traits, 
physiological performance and productivity, with B73 having greater leaf N, chlorophyll content, 
photosynthetic capacity, height and yield than Mo17 (Figures 2.2 & 2.3). The inbred lines also 
showed evidence for variation in response to O3 pollution with Mo17 being more responsive to 
O3 than B73, especially in 2014 (Figures 2.2 & 2.3). There were significant genotype x treatment 
interactions for leaf chlorophyll content, photosynthetic capacity and yield in 2014, and yield 
18 
 
reductions in elevated O3 were 3.8% in B73 and 20.3% in Mo17 in 2014 (Table 2.1). These 
differences provided the basis for using B73-like and Mo17-like NILs to map for O3 response. 
 Accelerated senescence and reduced photosynthetic capacity at elevated O3 are common 
responses of crops exposed to prolonged O3 stress (Ainsworth, 2017; Yendrek et al., 2017a; 
Emberson et al., 2018), and were observed for both B73 and Mo17 in both 2014 and 2015. 
However, other commonly reported responses of plants to O3 stress including increased 
antioxidant capacity (Burkey et al., 2003; Chen and Gallie, 2005; Gillespie et al., 2011; Fatima et 
al., 2019) and reduced leaf sugar content (Betzelberger et al., 2012) were not observed in the 
maize inbred lines (Supp. Fig. 2.1). Ascorbate and glutathione are two of the most abundant 
antioxidant molecules in plants, and have been suggested as potential biomarkers of O3 tolerance 
in crops (Burkey et al., 2003; Biswas et al., 2008; Sarkar et al., 2015; Fatima et al., 2019). 
However, this may not be the case for maize. An associated metabolomics study did not find 
evidence that either ascorbate or glutathione were altered by elevated O3 exposure in B73 and 
Mo17 inbred lines (Wedow et al. in review). This result agreed with literature suggesting that 
maize may rely more heavily on secondary metabolites to scavenge free radicals produced by O3 
(Ruzsa et al., 1999; Singh et al., 2014). Our analysis of antioxidant capacity (ORAC) was limited 
to a single time point, and it may be possible that differences in antioxidant capacity develop 
over time and were missed in our analysis.  
Another trait that has been proposed to contribute to O3 tolerance is leaf mass per unit 
area (Bussotti, 2008; Li et al., 2016; Feng et al., 2018; Li et al., 2019). Smaller leaf mass per unit 
area (LMA) or greater specific leaf area (SLA) was predicted to increase susceptibility of leaves 
to O3 damage, due to a lower O3 load per leaf mass or some level of enhanced stress protection 
provided by thicker leaves (Feng et al., 2018). Growth in elevated O3 conditions did not alter 
SLA in either B73 or Mo17, but Mo17 had significantly greater SLA compared to B73 (Figure 
2.2) and was the more sensitive line to O3, suggesting the potential for SLA to be a marker for O3 
tolerance in maize, although this needs broader testing. 
 Changes in ASI due to elevated O3 were predominately measured in Mo17. The absolute 
differences in GDD for these traits under elevated O3 averaged a small fraction of the 
accumulated GDD for an average day (~23 GDD) at the research facility in July, but the 
prevalent asynchrony already apparent in Mo17 under ambient conditions (~80 GDD or 3-4 
days) was exacerbated by elevated O3. Asynchrony has been regularly reported as a phenotype 
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associated with most environmental or abiotic stressors and often cited as a reason why maize is 
particularly sensitive to stress. Because ASI is also highly correlated with yield, narrowing the 
window between anthesis and silking is promoted as a major goal in breeding for stress tolerance 
in maize (Almeida et al., 2013). High planting density (Monneveux et al., 2005; Gonzalo et al., 
2010), water stress including both drought (Bolanos and Edmeades, 1996; Zaidi et al., 2008) and 
excessive moisture (Zaidi et al., 2008), nitrogen availability (Balko and Russell, 1980a, 1980b; 
Bänzinger et al., 2000; Presterl et al., 2002; Zaidi et al., 2003; D'Andrea et al., 2006; Annor et 
al., 2019; Hisse et al., 2019), elevated temperatures (Castro-Nava et al., 2011), and the 
combination some of these treatments (Lafitte and Edmeades, 1995; Bänzinger et al., 2000) have 
been associated with increases in ASI in inbred maize lines, and were predominately driven by 
increases in time to silking. The main driver of the significant responses we presented for 2014 
and 2015 for ASI were also caused by increases in the time to silking (Figure 2.1).  
Ozone damage is generally considered to be a cumulative response with differences in 
many of the traits measured in this experiment disproportionately affecting photosynthesis 
related traits (Betzelberger et al., 2012; Peng et al., 2020) and becoming more apparent over time 
(Yendrek et al., 2017a). In a related experiment, Yendrek et al. (2017a) presented diurnal gas 
exchange data for B73 at multiple time points throughout the 2014 growing season. It was not 
until 27 and 36 days after anthesis (DOY 237 and 246) that there were significant reductions in A 
and gs under elevated [O3] in the leaf subtending the ear. It may be that the negative effects 
associated with elevated [O3] are realized by the time of primordia ear formation or by limiting 
available photosynthates that would otherwise go towards female flowering prior to more 
traditional hallmarks of O3 damage like decreases in chlorophyll or decreases in photosynthetic 
capacity (Ainsworth, 2017). Photoassimilate availability and flux immediately following 
flowering is reported as a driver of decreases in ear retention and yield as well as increases in 
kernel abortion (Edmeades and Daynard, 1979; Afuakwa et al., 1984; Zinselmeier et al., 1999; 
Setter et al., 2001; Nielsen, 2019). B73 had greater rates of A than Mo17 in 2015 at 10 days after 
anthesis (Yendrek et al., 2017a) and approximately 1µmol cm-2 more Sucroseplsr than Mo17 
(Supp. Fig. 2.1) regardless of the treatment. Assuming that these differences can cause 
substantial changes during grain fill, it is not unrealistic to link photosynthetic rate and its 
products prior to flowering with the reduction of sink capacity and the rate of development in the 
newly forming ear (Richards, 2000), and ultimately ASI. The identification of maize inbred lines 
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that maintain narrow ASI, have low SLA, and can maintain photosynthetic capacity (through 
maintained chlorophyll content, leaf nitrogen, and carbon sequestration) under elevated O3 
concentrations appear to be some of the best traits to pursue in improving maize into the future. 
 
Multiple approaches mapping QTL for development, gas exchange, and PLSR modeled traits 
in different ozone environments in maize inbred lines 
We mapped QTL for developmental, gas exchange, and PLSR modeled leaf traits in two near-
isogenic line populations in 2016 and 2017. The three methods utilized in this research provide 
unique opportunities to identify specific NILs and QTLs associated with trait variation and 
response to O3 pollution. These significant NILs and QTL can assist in future fine-mapping 
studies and marker assisted selection not only for a host of potential O3 tolerant traits, but also 
for other mapped traits in ambient conditions. Other studies have identified QTL associated with 
O3 tolerance traits in crops (Frei, 2015; Burton et al., 2016; Mashaheet et al., 2019), and QTL 
associated with photosynthesis in maize under abiotic stress (Fracheboud et al., 2002; 
Fracheboud et al., 2004; Hund et al., 2005; Pelleschi et al., 2006; Trachsel et al., 2010), but this 
is one of the first to map QTL for O3 tolerant photosynthetic traits in maize.  
The contrast method identified individual NILs with significant differences and 
differences in the response to elevated O3 relative to the recurrent parent (Figures 2.4 & 2.5). The 
genotype x treatment interaction contrasts primarily show NILs that were more negatively 
affected by elevated O3 than the recurrent parent, notably NILs m007 and b131. These two lines 
were also reported as particularly sensitive in an associated work, which measured early season 
leaf damage scores (Sorgini et al., 2019). Two NILs (b004 and b050) showed a positive yield 
affect due to the O3 treatment. These NILs would be obvious lines to consider for additional 
research. Additionally, the direct contrasts between the NILs and the recurrent parents allow for 
simple trait selection for overall improvement regardless of environment. The B73-like NIL 
b037 had significant increases in Yield and Vmax,plsr. Similarly, the Mo17-like NIL identified as 
tolerant in Sorgini et al. (2019), m076, was significantly different from Mo17 for a number of 
traits: Yield, Anthesis, Silking, ASI, LeafNplsr, and Chlplsr. The identification of these lines 
provide a resource for pursuing traits of interest by providing an “introgression library” for O3 
tolerant traits in maize as has been completed in rice (Frei, 2015) and may allow for more direct 
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pyramiding or stacking of favorable alleles by crossing this lines (Wang et al., 2007; Wang et al., 
2014).  
 Stable QTL (QTL), QTL that were identified across all four environments (year and 
treatment combinations), explain a large proportion of the phenotypes measured and provide an 
opportunity to select and advance lines for the improvement of inbred maize lines regardless of 
[O3] (Almeida et al., 2013; El-Soda et al., 2014). Using the RSTEP-LRT method, we discovered 
QTL for Anthesis, Silking, ASI, A, gs, A:gs, Ci:Ca, and Vmax,plsr. The vast majority of these QTL 
were population specific. Flowering related QTL were almost exclusively identified in the B73-
like population and coincided with previously identified QTL for Anthesis occurring on 
chromosome 1 (bin 1.02) (Balint-Kurti et al., 2006), 3 (bin 3.05), and 8 (bin 8.05) (Salvi et al., 
2007; Buckler et al., 2009) (Table 2.3). Bins were defined by Davis et al. (1999) to standardize 
map length in maize by establishing core markers to flank bins to approximately 20cM. These 
three QTL for Anthesis account for approximately 72% of the total phenotypic variation in the 
trait for B73-like population. A QTL for Silking was also co-located at bin 8.05, the same bin 
containing the gene vgt1, known to have an alternate allele in Mo17 responsible for early 
flowering. A single QTL for ASI was identified on chromosome 4 (bin 4.04) in the Mo17-like 
population accounting for 26% of the total trait variation and an additive effect of 23 GDD. 
Identification of these previously reported QTL support the ability to use FACE technology and 
a limited mapping population for mapping studies. The constitutive nature of these development 
QTL across environments and other mapping studies and the trait correlations with Yield (Supp. 
Fig. 2.6) further promotes the understanding that maintaining the synchrony between anthesis 
and silking is especially important in mitigating the negative effects of elevated O3 as well as 
most other abiotic stressors (Almeida et al., 2013). The other QTL reported in this study were for 
gas exchange traits A:gs (bins 1.02, 7.02),  Ci:Ca (bins 1.02, 7.02), gs (bins 1.02, 7.02, 10.06), and 
Vmax,plsr (bin 2.04). None of the QTL matched those from previous studies that mapped 
photosynthesis-related traits under stress (cold tolerance, drought tolerance) (Fracheboud et al., 
2002; Fracheboud et al., 2004; Hund et al., 2005; Pelleschi et al., 2006; Leipner et al., 2008; 
Leipner and Mayer, 2008; Trachsel et al., 2010). Population specific differences between the 
research materials in these other studies could be a reason for this lack of overlap with 
predominately European and tropical maize lines. Other possibilities include the discovery of 
novel gas exchange traits or the ability of the O3 treatment to increase trait variance substantially 
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enough to identify these gas exchange QTL (Choquette, Ogut, and Wertin et al., 2019). The 
potential discovery of novel QTL for gas exchange traits is promising for future validation and 
investigations of the causative genetic reasons for the variation observed.  
While the previously reported QTL provide reliable targets for improvement of maize 
inbred lines, the QTL that vary between treatments and years (QTLxE) may provide more 
relevant information about O3 tolerance in maize (Almeida et al., 2013). The O3 sensitivity 
phenotype is seemingly transient for some traits although the general responses are similar 
between the two years of the NIL experiment. The variable O3 response across this experiment 
strongly suggests there are also major genotype by environment (GxE) considerations that need 
to be accounted for in order to understand maize response to elevated O3. In this simple analysis 
of QTLxE (QTL mapping performed in each environment separately), more QTLxE were 
identified in the elevated than the ambient O3 treatment (Table 2.3). More identified QTLxE 
suggests increased trait variance under the O3 treatment, which is a fairly unique result for many 
traits measured under abiotic stress, namely yield (Ribault et al., 2007); however, it has been 
reported in maize with ASI in drought (Almeida et al., 2013). Our results from Choquette et al. 
(2019) also suggested that the variances associated with gas exchange traits increased under 
elevated O3, and that many of these traits were likely controlled by shared genetic causes. 
Additionally, more QTLxE were identified in 2017, a notably drier year, than in 2016 (Supp. Fig. 
2.7, Supp. table 2.7).  
The effective dose of O3 entering the leaf and ultimately causing the damage discussed 
throughout is likely dependent on gs and water availability (Ainsworth, 2017; Mills et al., 
2018b). It is also notable that the gas exchange traits were all significantly correlated within the 
trait group in the ambient treatment, but this correlation was not observed in the elevated O3 
treatment (Supp. Fig. 2.6). In 2016, A was no longer correlated with A:gs or Ci:Ca in the Mo17-
like population. This result was true in both populations in 2017. The apparent uncoupling of A 
from gs and Ci:Ca under the elevated O3 treatment implied decreases in the efficiency of the 
exchange of carbon and water (A:gs) and the diffusivity of CO2 into the mesophyll. The decrease 
of A and little change in gs (based on mean values in Table 2.1) suggested an inability for the 
stomata to appropriately adjust to meet the requirements of the leaf to perform biochemistry as 
has been suggested in the literature (Herbinger et al., 2002; Wilkinson and Davies 2010; 
Ainsworth 2017), and was exacerbated by water limiting conditions in 2017. Incorporating the 
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QTLxE for lower gs identified on chromosome 8 (bin 8.02, BAC AC213761) in the Mo17-like 
population in 2017 may alleviate some of the O3 damage. The interaction between water 
availability and O3 damage was not specifically tested in this experiment, but the increase in 
identified QTLxE suggests that this abiotic interaction would be worth future investigation.  
Every trait except for Anthesis, A:gs, and Ci:Ca  had a QTL specific to the elevated O3 
treatment. Chlplsr was unique in that multiple QTLxE were identified in both populations and at 
multiple loci. One Chlplsr QTLxE appeared to be shared across populations that inferred O3 
tolerance in the B73-like NILs from Mo17 (bin 2.07, BAC AC177868) and sensitivity in the 
Mo17-like NILs (bin 2.06, BAC AC183661). This QTLxE was also identified by Sorgini et al. 
(2019) by mapping early leaf damage QTL in the Mo17-like NIL population. Early identification 
of an O3 specific QTL for chlorophyll, paired with the strong phenotypic (Supp. Fig. 2.6.) and 
genetic correlations (Choquette et al., 2019) between Vmax,plsr and chlorophyll, suggest the 
potential of an early screening of O3 damage are promising for these traits as shown in the 
literature in soybean (Burkey and Carter, 2009) and rice (Manigbas et al., 2010).  
There are inherent limitations associated with mapping traits in NIL populations. 
Mapping traits in an elevated O3 environments provided an even more unique challenge. Each 
NIL in both populations used has multiple introgressions from the donor parent on multiple 
chromosomes. This is from a limited number of backcrosses making the designation of a specific 
QTL for one of the traits of interest difficult with this method alone (Szalma et al., 2007; Eichten 
et al., 2011). The power to detect QTL using NIL populations has also been questioned relative 
to other mapping populations like recombinant inbred lines (RIL) (Keurentjes et al., 2007). NILs 
have primarily been used to help narrow or refine the interval of previously mapped QTL in 
other mapping populations (RIL, double haploids, F2, etc.); however, the utility of NILs to 
directly map QTL has been proposed and executed (Eshed and Zamir, 1995; Stuber et al., 1999; 
Salvi et al., 2011). As with most QTL studies, the effect of population size in the power to detect 
QTL is profound, and can lead to no (Rami et al., 1998) or limited number of small effect QTL 
detected as well as overestimation of identified QTL (Beavis, 1998). Because of these limitations 
and concerns, the RSTEP-LRT and Szalma method were implemented in addition to the contrast 
method to discover more specific regions containing QTL and provide confidence in the location 
of identified QTL. While the two methods only identified the same QTL for a small number of 
traits (development and gas exchange on chr 1, 7, and 8), the identification of known 
24 
 
development QTL provide confidence that many the QTL identified here are indeed real and 
worthy of additional research. 
 
Conclusion 
Ozone tolerance is a difficult trait to screen in the field for large mapping populations because 
providing an effective O3 treatment is technically difficult, space limited, and plant responses to 
O3 show strong interactions with other environmental conditions. Because of this, more work 
needs to be completed to breed crops for O3 tolerance. In this project, we utilized a FACE 
facility to quantify the variation in response to elevated O3 pollution in two maize inbred lines 
representing prominent heterotic groups in US germplasm. We then genetically mapped loci 
associated with differences in physiological traits and their response to O3 in two NIL 
populations with B73 and Mo17 as recurrent parents. Three statistical approaches were used to 
map QTL enabling identification of NILs that differ significantly from the parent lines as well as 
their response to O3. We also identified novel genomic regions for future fine mapping, analysis, 
and potentially MAS for O3 tolerance. This is one of the first studies to examine O3 response in 
genetic mapping populations in the field and provides a first step towards reducing the damaging 
effects of O3 on maize by suggesting a list of important traits to screen in maize germplasm, 
specific lines that can be used as an introgression library for O3 tolerance, and potential genetic 















FIGURES AND TABLES 
Figure 2.1. Development traits for B73 and Mo17 inbred maize lines when grown under ambient 
and elevated O3 treatments in 2014 and 2015. Dots represent LSmean values for a given line and 
error bars reflect the standard errors (N = 4). Blue dots are the ambient O3 treatment and orange 
dots are the elevated O3 treatment. Model P values are in the top right corner of each subplot. G 







Figure 2.2. Leaf physiology traits for B73 and Mo17 inbred maize lines when grown under 
ambient and elevated O3 treatments in 2014 and 2015. Dots represent LSmean values for a given 
line and error bars reflect the standard errors (N = 4). Blue dots are the ambient O3 treatment and 
orange dots are the elevated O3 treatment. Model P values are in the top right corner of each 









Figure 2.3. Plant productivity traits for B73 and Mo17 inbred maize lines when grown under 
ambient and elevated O3 treatments in 2014 and 2015. Dots represent LSmean values for a given 
line and error bars reflect the standard errors (N = 4). Blue dots are the ambient O3 treatment and 
orange dots are the elevated O3 treatment. Model P values are in the top right corner of each 










Figure 2.4. Fifty Mo17-like NIL genotypes mapped across 7,438 markers that include at least three probes as reported in Eichten et al. 2011 (left). 
The NILs are compared across the 10 maize chromosomes. Orange represents a marker that shares the Mo17 parental allele. Blue is the B73 
introgression. Yellow represents a region still segregating, while white represents NAs. The vertical white line on a given chromosome marks the 
centromere. The differences of the averaged LSmeans across treatments from the recurrent parent Mo17 for each NIL in 2016 (right). Gray bars are 
significant (FDR <.05) contrasts relative to the recurrent parent, and black bars represent significant (FDR <.05) interaction contrasts relative to the 
recurrent parent. Traits shown are Yield (g ear-1), Anthesis (Log GDD), Silking (Log GDD), ASI (GDD), A (umol m-2 s-1), gs (mmol m-2 s-1), SLA 
(mm2 mg-1), N (%), Chl (ug cm-2), and Vmax (umol m-2 s-1). 
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Figure 2.5. Fifty B73-like NIL genotypes mapped across 7,438 markers that include at least three probes as reported in Eichten et al. 2011 (right). 
The NILs are compared across the 10 maize chromosomes. Orange represents a marker that shares the Mo17 parental allele. Blue is the B73 
introgression. Yellow represents a region still segregating, while white represents NAs. The vertical white line on a given chromosome marks the 
centromere. The differences of the averaged LSmeans across treatments from the recurrent parent B73 for each NIL in 2016 (left). Gray bars are 
significant (FDR <.05) contrasts relative to the recurrent parent, and black bars represent significant (FDR <.05) interaction contrasts relative to the 
recurrent parent. Traits shown are Yield (g ear-1), Anthesis (Log GDD), Silking (Log GDD), ASI (GDD), A (umol m-2 s-1), gs (mmol m-2 s-1), SLA 




Figure 2.6. QTL for traits identified using RSTEP-LRT method in a given year and treatment and when averaged across all year and treatment 
combinations. The ten chromosomes for maize are shown. Significant QTL for the B73-like population are on the left-hand side of a given 
chromosome at the approximate location of the QTL as determined by the marker location from Eichten et al. 2011. Similarly, Mo17-like QTL are on 
the right-hand side of a given chromosome. Black lines indicate the marker position and the black point represents the centromere for a chromosome. 
The marker identifier for QTL is listed on the right-hand side of the chromosome. The distance is reported in Mb along the y-axis. Gas exchange 
related traits are shown in purple hues. Development traits are in shades of blue. Leaf traits are in green hues except for SLA, which is light orange. 
Yield is shown in orange. QTL across all four treatment year combinations are shown with an asterisk, squares represent a QTL in the ambient 
treatment in 2016, circles represent the elevated O3 treatment in 2016, triangles represent the ambient treatment in 2017, and diamonds are the 




Table 2.1. Traits measured for two inbred maize varieties, B73 and Mo17, under ambient and elevated ozone treatments in 2014 and 
2015 are presented. Reported values are means ± standard errors and the percent change of the mean values (100% * (Ele O3 – 
Amb)/Amb). 
Year  Inbred B73 Mo17 
  Traits Amb Ele O3 % Change Amb Ele O3 % Change 
2014 
Development 
ASI (GDD) 1.19 ± 4.32 -3.65 ± 3.18  -82.54 ± 5.65 -97.10 ± 5.65  
Log Anthesis (Log(GDD)) 7.32 ± 0.01 7.32 ± 0.00 -0.01 7.30 ± 0.01 7.31 ± 0.01 0.08 
Log Silking (Log(GDD)) 7.32 ± 0.00 7.33 ± 0.00 0.03 7.36 ± 0.01 7.37 ± .15 0.21 
Leaf-level 
Physiology 
ORAC (nmol cm-2) 1262.71 ± 4.7 1275.97 ± 66.2 1.05 1204.38 ± 87.8 1253.55 ± 86.3 4.08 
SLA (mm2 mg-1) 25.17 ± 0.39 25.32 ± 0.29 0.58 28.16 ± 0.52 28.22 ± 0.51 0.23 
CHLplsr (µg cm-2) 24.27 ± 0.92 22.29 ± 0.72 -8.14 18.32 ± 1.20 12.82 ± 1.17 -30.02 
Leaf Nitrogenplsr (%) 3.94 ± 0.09 3.78 ± 0.08 -4.05 3.91 ± 0.11 3.60 ± 0.00 -7.98 
SLAplsr (mm2 mg-1) 20.78 ± 0.59 20.79 ± 0.50 0.06 24.41 ± 0.72 25.13 ± 0.70 2.94 
Sucroseplsr (µmol cm-2) 5.42 ± 0.27 5.33 ± 0.26 -1.56 4.53 ± 0.29 4.50 ± 0.29 -0.72 
Vmax,plsr (µmol m-2 s-1) 32.48 ± 1.25 29.21 ± 0.93 -10.05 30.73 ± 1.67 22.89 ± 1.64 -25.50 
Productivity 
Yield (g ear-1) 87.55 ± 3.56 84.23 ± 2.67 -3.80 65.69 ± 4.56 52.36 ± 4.57 -20.30 
Leaf Length (cm) 32.67 ± 0.39 32.87 ± 0.33 0.62 27.18 ± 0.48 27.92 ± 0.11 2.72 
Leaf Width (cm) 3.30 ± 0.06 3.32 ± 0.05 0.71 3.57 ± 0.08 3.55 ± 0.01 -0.71 
Ear Height (cm) 103.92 ± 1.92 105.96 ± 1.51 1.96 82.85 ± 2.53 74.02 ± 0.13 -10.65 
Height (cm) 194.30 ± 2.69 197.89 ± 2.25 1.84 171.46 ± 3.34 166.54 ± 1.00 -2.87 











Table 2.1 continued. 
Year  Inbreds B73 Mo17 
  Traits Amb Ele O3 % Change Amb Ele O3 % Change 
2015 
Development 
ASI (GDD) -9.01 ± 7.32 -6.82 ± 6.44  -84.29 ± 7.32 -95.02 ± 6.44  
Log Anthesis (Log(GDD)) 7.25 ± 0.01 7.26 ± 0.01 0.06 7.24 ± 0.01 7.23 ± 0.01 -0.06 
Log Silking (Log(GDD)) 7.26 ± 0.01 7.26 ± 0.01 0.03 7.30 ± 0.01 7.30 ± 0.01 0.04 
Leaf-level 
Physiology 
SLA (mm2 mg-1) 2.44 ± 0.10 2.43 ± 0.09 -0.23 2.60 ± 0.10 2.53 ± 0.09 -2.54 
CHLplsr (µg cm-2) 31.03 ± 0.81 29.51 ± 0.72 -4.92 26.74 ± 0.81 24.37 ± 0.72 -8.86 
Leaf Nitrogenplsr (%) 4.23 ± 0.08 4.05 ± 0.07 -4.27 4.01 ± 0.08 3.84 ± 0.07 -4.11 
SLAplsr (mm2 mg-1) 19.12 ± 0.87 19.15 ± 0.79 0.17 23.70 ± 0.87 23.45 ± 0.79 -1.05 
Sucroseplsr (µmol cm-2) 4.96 ± 0.21 5.32 ± 0.20 7.22 4.06 ± 0.21 4.40 ± 0.20 8.42 
Vmax,plsr (µmol m-2 s-1) 41.94 ± 1.36 38.88 ± 1.22 -7.30 38.18 ± 1.36 35.62 ± 1.22 -6.69 
Productivity 
Yield (g ear-1) 97.41 ± 6.12 95.83 ± 5.73 -1.63 82.20 ± 6.12 77.50 ± 5.73 -5.72 
Ear Height (cm) 112.28 ± 2.24 108.16 ± 1.97 -3.67 100.53 ± 2.24 95.47 ± 1.97 -5.03 















Table 2.2. List of significant genotype x treatment interactions of NIL lines relative to the recurrent parent. P values represent FDR 
corrected values (α = .05) within a NIL population for a given trait.  
Year NIL Trait FDR P value Direction of change under elevated O3 
2016 
b004 Yield .024 Increase 
b050 Yield .024 Increase 
b152 Anth .028 Increase 
m007 
Chlplsr <.001 Decrease 
LeafNplsr .044 Decrease 
Vmax,plsr <.001 Decrease 
m046 Chlplsr .005 Decrease 
m079 ASI .019 Decrease 
2017 
b043 Chlplsr .028 Decrease 
b081 LeafNplsr .024 Increase 
b131 A .019 Decrease 
b149 A .018 Decrease 
b177 LeafNplsr .012 Increase 
m007 
Chlplsr <.001 Decrease 
LeafNplsr .005 Decrease 
Vmax,plsr .002 Decrease 
m014 ASI .002 Increase 
m030 A .0499 Decrease 
m046 Chlplsr .015 Decrease 
m048 A .019 Decrease 
m060 ASI <.001 Increase 
m073 A .019 Decrease 
m091 Chlplsr .015 Decrease Vmax,plsr .0018 Decrease 
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Table 2.3. List of all QTL identified using the RSTEP-LRT mapping method in both NIL populations, years, and treatments. Header 
columns are defined as follows. NIL Family denotes the population for the identified QTL, B73 for the B73-like NIL population amd 
Mo17 for the Mo17-like NIL population. TraitName – the trait as outlined throughout the chapter. Environment - The environment is 
denoted by a year treatment combination (i.e. 2016Ele is the population from the experiment year 2016 and the elevated ozone 
treatment). Combined represents a significant QTL identified by trait means across both years and treatments. LOD – the inverse log10 
P value for the given marker trait association. PVE(%) – the phenotypic variation explained by the marker. Add – the estimated 
additive effect of the marker given the donor parent allele, respectively. M(QQ) – the mean value of the QTL genotype QQ which is 
the donor parent within a given population. M(qq) – the mean value of the QTL genotype qq which is the recurrent parent within a 
given population. V2 Chr – the chromosome number for maize as defined by the B73 maize reference genome (AGP version 2). V2 
Chrom pos (bp) – the bp location on a given chromosome defined by the B73 maize reference genome (AGP version 2). BAC – the 
baterial artificial chromosome clone ID from the B73_RefGen_v1 used to genotype NILs in Eichten et al. 2011. 
NIL Family TraitName Environment LOD PVE(%) Add M(QQ) M(qq) V2 Chr V2 Chr pos (bp) BAC Bin cM 
B73 A 2017Ele 4.12 20.01 2.74 27.27 21.79 1 14397720.5 AC196111 1.02 48.59 
B73 A 2017Ele 3.68 18.04 3.76 28.10 20.58 1 258539974.5 AC195987 1.09 305.06 
B73 A:gs 2016Amb 3.95 30.00 -14.83 92.49 122.14 1 14397720.5 AC196111 1.02 48.59 
B73 A:gs Combined 4.98 26.57 -10.07 111.73 131.87 1 14397720.5 AC196111 1.02 48.59 
B73 A:gs Combined 4.22 21.71 11.65 133.46 110.15 7 125854192.8 AC186580 7.02 102.95 
B73 Anthesis 2016Amb 8.44 31.99 0.03 7.24 7.19 1 23229523.62 AC204597 1.02 66.47 
B73 Anthesis 2016Ele 4.87 22.52 0.02 7.22 7.17 1 23229523.62 AC204597 1.02 66.47 
B73 Anthesis 2017Amb 5.89 30.20 0.03 7.33 7.28 1 23229523.62 AC204597 1.02 66.47 
B73 Anthesis 2017Ele 5.22 30.97 0.02 7.33 7.28 1 23229523.62 AC204597 1.02 66.47 
B73 Anthesis Combined 8.72 32.98 0.03 7.28 7.23 1 23229523.62 AC204597 1.02 66.47 
B73 Anthesis 2017Ele 3.74 20.84 -0.02 7.29 7.32 3 129033856.2 AC200135 3.05 106.56 
B73 Anthesis 2016Amb 4.96 15.75 -0.01 7.20 7.23 3 160336926.3 AC197718 3.05 127.6 
B73 Anthesis 2016Ele 5.44 20.18 -0.02 7.18 7.21 3 160336926.3 AC197718 3.05 127.6 
B73 Anthesis Combined 5.73 19.90 -0.01 7.24 7.27 3 160336926.3 AC197718 3.05 127.6 
B73 Anthesis 2016Amb 3.57 10.83 -0.02 7.20 7.23 3 221651091 AC191038 3.09 248.47 
B73 Anthesis 2017Amb 4.45 21.35 -0.02 7.29 7.32 6 80175478.12 AC203758 6.01 24.02 
B73 Anthesis 2016Amb 5.71 18.70 -0.02 7.20 7.23 8 128547204 AC211181 8.05 108.33 
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Table 2.3 continued.            
NIL Family TraitName Environment LOD PVE(%) Add M(QQ) M(qq) V2 Chr V2 Chr pos (bp)      BAC Bin    cM 
B73 Anthesis 2016Ele 4.46 22.05 -0.02 7.17 7.22 8 128547204 AC211181 8.05 108.33 
B73 Anthesis Combined 5.51 19.33 -0.02 7.24 7.28 8 128547204 AC211181 8.05 108.33 
B73 Chlplsr 2017Ele 4.38 18.50 1.63 32.63 29.36 2 198117785 AC177868 2.07 159.39 
B73 Chlplsr 2017Ele 5.30 24.29 -1.62 29.32 32.57 6 112694.5 AC187237 6 0 
B73 Chlplsr 2016Ele 3.57 31.51 -1.79 25.70 29.27 8 5321382.67 AC187786 8.01 22 
B73 Ci:Ca 2016Amb 4.52 33.51 0.06 0.58 0.47 1 14397720.5 AC196111 1.02 48.59 
B73 Ci:Ca Combined 5.00 34.49 0.04 0.54 0.45 1 14397720.5 AC196111 1.02 48.59 
B73 gs 2016Amb 3.68 28.30 0.05 0.31 0.21 1 14397720.5 AC196111 1.02 48.59 
B73 gs 2017Ele 6.76 38.33 0.06 0.34 0.22 1 14397720.5 AC196111 1.02 48.59 
B73 gs Combined 5.76 40.58 0.05 0.30 0.20 1 14397720.5 AC196111 1.02 48.59 
B73 Silking 2017Ele 3.91 28.36 -0.02 7.30 7.34 8 128547204 AC211181 8.05 108.33 
B73 Silking Combined 4.08 24.62 -0.02 7.27 7.31 8 128547204 AC211181 8.05 108.33 
B73 Vmax,plsr 2016Ele 3.97 28.19 -2.52 34.84 39.88 6 166399581 AC204353 6.07 30.33 
Mo17 A 2017Ele 4.22 29.54 2.95 25.99 20.09 6 153210121 AC212394 6.05 106.15 
Mo17 A:gs 2017Amb 5.22 24.43 -14.60 69.56 98.75 7 16339195.5 AC207204 7.02 84.38 
Mo17 A:gs 2017Ele 8.75 45.46 -15.77 65.07 96.61 7 98491141.5 AC186884 7.02 90.53 
Mo17 A:gs Combined 8.92 44.06 -14.54 75.29 104.38 7 124733062.8 AC199224 7.02 102.58 
Mo17 A:gs 2017Amb 6.10 30.69 -18.52 64.87 101.90 10 135470280.4 AC199356 10.06 84.62 
Mo17 ASI Combined 4.38 26.66 23.02 -66.47 -112.50 4 31249573 AC212227 4.04 90.55 
Mo17 ASI 2017Ele 4.91 26.37 23.99 -62.06 -110.04 4 151650800.1 AC194713 5.06 115.48 
Mo17 Chlplsr 2017Ele 5.59 37.25 -2.54 20.84 25.93 2 163810258.3 AC183661 2.06 136.75 
Mo17 Chlplsr 2016Ele 5.06 32.42 -3.08 15.92 22.07 7 124733062.8 AC199224 7.02 102.58 
Mo17 Ci:Ca 2017Ele 10.31 51.31 0.07 0.70 0.57 7 98491141.5 AC186884 7.02 90.53 
Mo17 Ci:Ca 2016Ele 5.45 38.85 0.07 0.60 0.47 7 124733062.8 AC199224 7.02 102.58 
Mo17 Ci:Ca Combined 10.73 50.42 0.06 0.65 0.54 7 124733062.8 AC199224 7.02 102.58 
Mo17 Ci:Ca 2017Amb 5.85 25.62 0.05 0.68 0.59 7 127287298.7 AC187461 7.02 103.42 
Mo17 Ci:Ca 2017Amb 6.11 27.81 0.07 0.71 0.57 10 120690878.5 AC197577 10.04 70.4 
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Table 2.3 continued.            
NIL Family TraitName Environment LOD PVE(%) Add M(QQ) M(qq) V2 Chr V2 Chr pos (bp)      BAC Bin    cM 
Mo17 gs 2017Amb 6.85 30.10 0.06 0.39 0.27 7 16339195.5 AC207204 7.02 84.38 
Mo17 gs Combined 5.86 30.59 0.04 0.32 0.25 7 16339195.5 AC207204 7.02 84.38 
Mo17 gs 2017Ele 4.36 16.48 -0.03 0.24 0.29 8 19822294 AC213761 8.02 56.97 
Mo17 gs 2017Ele 6.62 29.02 0.05 0.32 0.22 10 130382983.5 AC191379 10.05 77.24 
Mo17 gs 2017Amb 6.87 30.05 0.07 0.41 0.27 10 135470280.4 AC199356 10.06 84.62 
Mo17 gs Combined 4.23 21.13 0.03 0.32 0.25 10 135470280.4 AC199356 10.06 84.62 
Mo17 LeafNplsr 2016Ele 5.23 21.51 -0.17 3.01 3.35 2 29117405.5 AC193355 2.04 100.51 
Mo17 SLA 2017Ele 4.87 23.82 -7.11 206.89 221.12 9 96776364.33 AC213903 9.03 79.83 
Mo17 Vmax,plsr 2016Ele 8.80 35.02 -9.29 12.89 31.47 1 154947004 AC185600 1.05 158.29 
Mo17 Vmax,plsr 2016Amb 4.36 20.96 -1.53 32.41 35.48 2 58587858.75 AC190858 2.04 119.55 
Mo17 Vmax,plsr 2017Ele 7.88 46.06 -3.90 22.76 30.56 2 58587858.75 AC190858 2.04 119.55 
Mo17 Vmax,plsr Combined 5.41 38.66 -2.38 29.63 34.38 2 58587858.75 AC190858 2.04 119.55 
Mo17 Vmax,plsr 2016Ele 4.56 14.73 3.11 25.28 19.07 6 153210121 AC212394 6.05 106.15 
Mo17 Yield 2017Amb 6.99 26.46 -18.97 31.43 69.37 3 2865933.33 AC207822 3.01 13.65 
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CHAPTER 3: DISCOVERY OF QUANTITATIVE TRAIT LOCI ASSOCIATED WITH 
OZONE RESPONSE IN THE FIELD IN A BIPARENTAL MAPPING POPULATION OF 
SOYBEAN 
Introduction 
Ozone (O3) is the most destructive air pollutant to plants causing many inhibitory effects and 
reducing productivity (USDA, 2012). Ozone is a highly-reactive secondary pollutant in the 
troposphere which varies spatially and temporally (Ainsworth, 2017). Tropospheric O3 is caused 
by photochemical reactions occurring with a number of precursors including nitrogen oxides 
(NOx), volatile organic hydrocarbons (VOCs), and carbon monoxide (CO) (Monks et al., 2015). 
Ozone enters leaves through open stomata and quickly reacts with any number of aqueous 
internal leaf structures damaging cell walls and membranes and creating toxic substances known 
as reactive oxygen species (ROS). These ROS initiate a cascade of secondary response 
mechanisms that may change transcription and induce a hypersensitive response or programmed 
cell death (Fiscus et al., 2005).  
Leaf chlorosis, mottling, and bronzing are common signs of chronic O3 damage, which 
occurs at lower O3 concentrations (typically <100 ppb) over a long period of time (Ainsworth, 
2017). Chronic O3 exposure also decreases leaf area, water use efficiency (WUE), 
photosynthesis, and primary metabolism while accelerating senescence ultimately leading to 
lower yields (Fiscus et al., 2005). All of the aforementioned negative effects of elevated [O3] 
have been reported previously in soybean (Morgan et al., 2003; Morgan et al., 2004; Bernacchi 
et al., 2006; Morgan et al., 2006; Betzelberger et al., 2010; Betzelberger et al., 2012; VanLoocke 
et al., 2012). Because of soybean sensitivity to O3, current background [O3] of ~40 to 60 ppb is 
estimated to cause yield decreases up to 5%, resulting in substantial economic losses (Van 
Dingenen et al., 2009; Avnery et al., 2011; McGrath et al., 2015).  
Many different approaches have been used to understand the physiological responses, 
heritability of key traits, and changes in gene expression in response to O3 exposure in soybean 
and other crop plants (Booker and Fiscus, 2005; Bernacchi et al., 2006; Morgan et al., 2006; 
Betzelberger et al., 2010; Frei et al., 2010; Burton et al., 2016; Chutteang et al., 2016; Leisner et 
al., 2017; Waldeck et al., 2017; Yendrek et al., 2017a; Choquette et al., 2019). These studies 
have been conducted in specialized growth chambers, greenhouses, open-top chambers (OTCs), 
and with Free Air Concentration Enrichment (FACE) experiments where the ability exists to 
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increase or decrease the O3 concentration. Previous experiments have added a substantial amount 
of information to our understanding of plant physiological responses to elevated O3.   
Quantitative trait loci (QTL) experiments are an important tool for understanding the 
genetic underpinnings of complex traits (Bernardo, 2008), yet very few studies in soybean have 
attempted QTL mapping of traits in an elevated O3 environment (Frei et al., 2008; Burton et al., 
2016). Varying durations of O3 treatment, the use of unadapted germplasm to the more 
productive soybean growing regions, and the inability to grow the plants to final maturity in the 
field have been limitations of the previous research. The combination of FACE technology and 
forward genetics to map QTL in soybean provides an excellent opportunity for mapping traits 
important for O3 response in an agronomic environment.  
The goal of this research was to identify significant QTL associated with O3 tolerance in 
a biparental recombinant inbred line (RIL) population of soybean based on two publicly released 
varieties concentrating on yield and yield determinates including seed weight and reproductive 
development. Mapping QTL in two different O3 treatments and across three growing seasons 
provided a rare opportunity to better understand the stability of potential O3 tolerant QTL and 
how those QTL interacted with different environments. This experiment is the first to discover 
O3-specific QTL in soybean yield traits. The additional findings presented in this chapter 
identified important traits and potential genetic targets for soybean breeders to better incorporate 
O3 tolerant germplasm into programs and illuminated some of the difficulties in breeding for O3 
tolerance.  
 
Materials and Methods 
Population development 
A biparental recombinant inbred line (RIL) population was developed by crossing two soybean 
cultivars selected for differences in O3 tolerance based on seed yield. Dwight (PI 597386, a late 
MGII) was chosen as the susceptible parent and Pana (PI 597387, a late MGIII) as the tolerant 
parent based on a percent yield loss due to O3 exposure over 5 growing seasons, -14% and -7% 
respectively (Figure 3.1). Additional research on these lines showed that many of the previously 
mentioned hallmark symptoms of O3 stress such as reductions in photosynthetic capacity and 
increases in antioxidant capacity occurred in Dwight and Pana in different levels (Betzelberger et 
al., 2010). Single seed descent (SSD) was used to progress the RIL population to F5 with an 
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expected homozygosity rate of 93.75%. In 2010, 208 RILs were selected from this cross to be 
grown under elevated [O3] at the SoyFACE research facility (University of Illinois, Urbana, IL). 
Selections were based on days to maturity (R8) maintaining a MGIII as well as available seed for 
the experiment to be conducted in 2011. It was later discovered that there was seed 
contamination at the end of the 2011 growing season. All 208 RILs were screened with co-
dominant simple series repeat (SSR) markers to ensure that they contained genetic material 
exclusively from both Dwight and Pana. Sixteen of the 208 originally selected lines contained an 
allele from an unknown parent. These were removed prior to the 2012 growing season resulting 
in 192 F5:7 RILs. All results presented only refer to the true progeny of the initial cross. Seed for 
each consecutive year of the experiment was collected from the ambient O3 treatment of the 
previous season. The last year of the project was 2013. Seed collected from the 2013 field season 
has been archived. In 2015, the archived F5:8 seed was planted, grown and harvested to keep the 
population viable for future experiments.  
 
Experimental design 
The RIL population was grown under ambient [O3] (season average ~40 ppb) and elevated [O3] 
with a target concentration of 100 ppb at the SoyFACE Research Facility 
(https://soyface.illinois.edu) from 2011 - 2013. The target set point was increased to 110 ppb in 
the latter half of the 2012 field season because of a lack of the more common visual symptoms 
(i.e. chlorosis) in the elevated O3 treatment. Fumigation of O3 ran continuously from 9h to 18h 
(CST) when conditions were adequate for the FACE system (wind speeds > 0.5 m s-1 and no 
rain) (Supp. Table 3.2). 
An alpha (α) experimental design was implemented with a relative efficiency of 0.97 
(generated by Alpha 6.0 (2010) designcomputing.net) (Piepho et al., 2006). The α design is a 
resolvable incomplete block design that allows for flexibility for large numbers of ‘treatments’ 
which in this experiment refers to the number of RILs (192). t is obtained by the equation t = sk, 
where s is the number of blocks (rings) per replication (4), and k is the number of units per block 
(the number of RILs per O3 ring which equals 48). If blocks are not significant, the model can be 
run as a randomized complete block design. The α design outlined above allowed for replication 
(n=2) in a given field season. Individual RILs were planted in 2, 0.76 m wide, 1.52 m long rows 
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at recommended planting densities (~19 plants m-1) (Corn & Soybean Field Guide, Purdue 
University, West Lafayette, IN). 
 
Trait Collection 
Plant height (cm), stem diameter (cm), yield (Kg ha-1), 100 seed weight, lodging (1-5 scale), and 
plant development traits were measured. R1 and R8 were reported in days after planting (DAP). 
R5-R8 (pod fill until final maturity) and R1-R8 (first flower until final maturity) were reported in 
days (the interval between development stages). Plant height was measured following final 
maturity (R8) and prior to harvest with a meter stick. To measure height, three plants per row 
were randomly selected, measured to the top leaf node, and averaged. Stem diameter was also 
measured on three random plants and scored with a digital caliper approximately 3 cm above the 
ground half-way between the leaf scars from the cotyledons and the first leaf in 2011 and 2013 
(2012 data was not collected). Because soybean stems are oblong, two measurements were made 
along the major and minor axes of the stem and averaged for the estimate of stem diameter. 
Estimates of yield were made by harvesting both planted rows for each cultivar with a two-row 
harvester (Almaco SPC20) and weighed. Mass on a per plot basis was then converted to Kg ha-1. 
Estimates of 100 seed weight were made by weighing 200 seeds and dividing by 2. Lodging was 
scored on a 5-point scale with a score of 1 meaning the plot was vertical and a score of 5 
meaning the plot was completely lodged. Development was determined by scouting plots twice a 
week. The frequency of scouting plots increased to three or four times a week following R6 to 
more accurately capture final maturity (R8). SPAD, an estimate of leaf greenness and a proxy for 
chlorophyll content, was measured using a SPAD-502 meter (Konica Minolta, Tokyo, Japan) on 
the adaxial side of the central leaflet of the uppermost, fully expanded leaf from three plants per 
line during R5 in 2011 and 2013. Three measurements were scored on each leaf to better 
approximate the average leaf SPAD value at the plot level.  
 
Genotyping-by-sequencing (GBS) 
The RIL population was genotyped in 2017 by GBS, a method utilizing restriction enzymes to 
reduce the complexity of the genome and identify single nucleotide polymorphisms (SNPs). 
Segregating SNPs can then be used in QTL mapping (Elshire et al., 2011; Poland et al., 2012). 
Genomic DNA was extracted using a modified CTAB-based protocol from soybeans harvested 
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at the end of the 2013 field season from pooled germinated root radicle tissue collected from 6-
10 seeds. GBS library preparation took advantage of the two enzyme approach and used a 
slightly modified protocol as outlined in Poland et al. (2012). MseI was used as the “common 
cutter” and HindIII-HF was used as the “rare cutter.” Additional steps and deviations from the 
cited protocol are available in the Supplemental File 3.2. The Agilent Bioanalyzer was used to 
determine the average size (bp) and concentration of the libraries in the sample. The Agilent 
DNA 7500 chip was used following the provided assay protocol. 20 µL of the 10 nmol 
concentration of the genomic library was submitted to the Roy J. Carver Biotechnology Center’s 
High-Throughput Sequencing and Genotyping Unit at the University of Illinois (Urbana, IL) for 
single-end 100 bp, Illumina sequencing on a single lane of a HiSeq4000.  
 
GBS SNP variant calling  
The GBSv2 pipeline (Glaubitz et al., 2014) was implemented via the command line within 
TASSEL 5.0 to call SNPs (Bradbury et al., 2007). Only slight deviations from the pipeline were 
used. The SNPQualityProfilerPlugin and UpdateSNPPositionQualityPlugin were not used. Most 
argument defaults were deemed appropriate for the analysis. The minimum kmer length 
argument was increased from the default (64bp) to 80bp to help with read alignment on the well-
documented paleopolyploid soybean genome (Shoemaker et al., 2006; Schlueter et al., 2007; 
Schmutz et al., 2010; Wickland et al., 2017). Additional arguments that varied from the default 
included a minimum tag count of 10. BWA-MEM (Li, 2013) was chosen to align the tags to the 
soybean genome Glycine max Wm82.a2.v1 accessed from SoyBase (http://www.soybase.org). 
68,609 SNPs were initially identified. SNPs were removed using the TASSEL 5.0 GUI with the 
following criteria: SNPs appear in less than 60% of the population, are > 50% heterozygous, 
have a minor allele frequency of <20%, and occur on scaffolds. Taxa were then filtered based on 
having a minimum of 60% of the remaining SNPs. This filtering resulted in 7180 SNPs and 183 




The linkage map was constructed using the retained SNPs and RILs from the GBS SNP variant 
calling section using the R/qtl package (Broman et al., 2003) and the ASMap package (Taylor 
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and Butler, 2017) in R version 3.5.2. A combination of the two vignettes from R/qtl and ASMap 
were used to build a map using the standard assumptions for a RIL population. Preprocessing of 
the variant calls required the removal of additional RILs and SNP markers for a more accurate 
linkage map. RILs missing greater than 20% of the markers were removed from the linkage map 
construction. Consolidation of RILs was performed if any two RILs shared greater than 97.5% of 
the same marker calls into a consensus RIL. Following this initial filtering, markers missing in 
more than 10% of the remaining RILs were removed. Markers showing excessive segregation 
distortion (Bonferroni significance threshold, α = 0.05) or that were co-located (non-informative 
SNPs at adjacent genomic regions) were removed. This resulted in 178 RILs and 4310 SNPs 
being retained. Recombination frequencies were estimated, and linkage groups constructed. 37 
separate linkage groups were initially identified, four of which contained less than five markers, 
and four markers which were misaligned. Linkage groups containing less than five markers and 
the misaligned markers were further removed as well as any RILs showing a crossover rate 
greater than 50 per 100cM based on the number of crossovers identified for soybean in Song et 
al. (2017). The separate linkage groups were then merged to reflect the 20 chromosomes in 
soybean, and the recombination frequency was estimated again, followed by the estimation of 
the final map length (Figure 3.2). 
Ultimately, 4297 SNPs and 174 RILs were used to create a genetic map with a map 
length of 2061 cM across 19 of the 20 chromosomes in soybean (Supp. Table 3.1). Many of the 
identified SNPs were clustered on individual chromosomes with large gaps between clusters 
(Figure 3.2). Following data filtering, there were not sufficient markers located on chr 14 for it to 
be retained. Two linkage groups were associated with the short and long arms of chr 8. In order 
to avoid dramatic increases in the total map length, the two linkage groups were not combined in 
the final linkage map. The linkage map was estimated using the Kosambi mapping function 
assuming an error rate probability in the variant calls of 0.01 (sequence quality score of Q20) and 
an additional imputation of missing marker data from Beagle 5.0 was performed using the 
“argmax” argument. GBS provided the identification of thousands of SNPs differentiating in the 
parent cultivars increasing the total number of markers more than 20 fold from the initial 
genotyping of this population using the Universal Soy Linkage Panel 1.0 using the GoldenGate 
Assay (data not shown). The signal for the parent cultivars remained relatively low across the 
entire genome. Selection of the population for days to maturity (R8) and both Dwight and Pana 
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sharing a common maternal parent, Jack (PI 540556, MGII), may have been part of the reason 
for limited segregating markers. Generally speaking, the data reported here agreed with the 
SoySNP50K iSelect BeadChip data for these two parental lines with similar chromosomes 
(notably chr 4, 15, and 19) accounting for more segregating markers (Song et al., 2016).  
 
Statistical Analyses 
A mixed model approach was implemented using SAS Proc Mixed (Version 9.4, SAS Institute, 
Cary, NC) to estimate LSmeans for each RIL for a given phenotype and to determine treatment 
significance. Each year of the experiment was analyzed separately for trait estimates to be used 
in the QTL analyses. Each phenotype was analyzed as a RCBD and as a completely randomized 
design (CRD) because the blocking showed no significant interaction for most traits; however, 
the RCBD performed better than the CRD for many traits when comparing BIC fit statistics 
likely because of within block variation between the rings (i.e. incomplete blocks). Because of 




where yijkl is measured trait value of the i
th block, the jth O3 treatment, and the kth entry from the 
lth ring nested in ith block and jth treatment. μ is the overall mean. Bi is the i
th random block 
where blocks are replicates. Tj is the fixed effect of the  j
th O3 treatment (elevated or ambient). Ek 
is the random effect of the kth entry (RILs and parental checks). Bi*Tj is the random interaction 
effect of the ith block and the jth treatment. Tj*Ek is the random interaction effect of the j
th 
treatment and the kth entry. Bi*Ek is the random interaction effect of the i
th block and the kth 
entry. Rl(ij) is the nested random effect of the l
th ring within the jth treatment and ith block. 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 
is the random experimental error. The effect of entry (RIL), treatment (ambient or elevated O3), 
and the interaction was determined based on this model with entry and treatment considered 
fixed terms. Best linear unbiased predictors (BLUPs) were also modeled using this equation, but 
the entry term (RILs) was considered random. BLUPs were used for QTL mapping to take into 
account spurious trait estimates and more properly estimate the true genotypic value of the RILs 




Some traits showed significant interaction effects for the entry x O3 treatment. Because of this, 
the ambient and elevated [O3] environments were modeled separately to estimate progeny-mean 
broad-sense heritability (H2) based on the BLUPs. All estimates of H2 were calculated based on 
genotypic variance (σG2 ) and total variance (σ2) where H
2=σG2 /σ2. Variance components were 
estimated by a mixed model yijk=μ+ Ti+Rj+R(B)jk+ϵijk where all components were random. yijk 
is the observation of the ith RIL, jth replicate, and the kth block. μ is the overall mean. Ti is the 
RIL. Rj is the replicate. Bk is the block and nested within R. ϵijk is the random error associated 
with the experiment (SAS 9.4; SAS Institute, Cary, NC). 
 
QTL mapping 
The foxy_qtl_pipeline (FQP) was used to map QTL in each treatment and year separately (single 
environment analyses) based on the BLUPs obtained from the mixed model approach previously 
outlined (Feldman et al., 2017). Briefly, a single QTL model genome scan was performed using 
Haley-Knott regression to identify putative QTL. The significance threshold was determined 
using permutation test (α = 0.05, n = 1000). A stepwise selection model (forward/backward) was 
used to identify additional additive QTL for a given trait in a specific environment.  
QTL mapping was also conducted for single environments using the biparental interval 
mapping procedure Inclusive Composite Interval Mapping of ADDitive QTL (ICIM-ADD) (Li 
et al., 2007) implemented in QTL IciMapping Version 4.1 (Meng et al., 2015). The following 
arguments were used for each trait and environment separately. The probability threshold for 
inclusion (PIN), the significant value for a marker to be included, was set at 0.001. The 
significance threshold was determined by permutation testing (1000X, α = 0.05), and the step 
parameter was set to 5cM. This method has been shown to provide fewer false positive QTLs 
and narrower confidence intervals (Meng et al., 2015). QTL comparisons were made between 
FQP and ICIM-ADD for single environments. QTL were considered “shared” if the most 
significant marker fell within 10cM for the same environment (treatment and year combination). 
QTL by environment interactions (QTLxE) were also analyzed using QTL IciMapping 
Version 4.1 with the implementation of the Multi-environment Trials (MET) procedure. All of 
the parameter settings were identical to the single environment analysis; however, data from all 
years and treatments were analyzed together. This was performed in order to provide a more 
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substantive analysis of significant QTL showing different effects across treatments and years of 
the experiment as well as a means of identifying varying levels of sensitivity, constitutive QTL 
(same response in all environments), conditional neutrality (fitness in one environment, and no 
cost in another), and possible antagonistic pleiotropy (a beneficial QTL for a trait in one 
environment, but a cost in another) (El-Soda et al., 2014). 
 
Results  
Soybean Responses to O3 
Dwight and Pana showed similar responses to elevated [O3] in most years of the study without 
significant genotype by treatment effects in 2012 or 2013 (Figure 3.3, Table 3.1). Pana, 
originally chosen as an O3 tolerant parent, appeared to have greater reductions in yield on a 
percent change basis due to elevated [O3] than Dwight, originally chosen as the sensitive parent, 
in 2011. In 2012 and 2013, Dwight and Pana showed similar yield decreases in elevated [O3], 
with Dwight slightly more sensitive in both years. Pana yielded more than Dwight regardless of 
the environment or year (Table 3.2). Across parental lines, elevated O3 decreased productivity 
traits, such as 100 seed wt, plant height, stem diameter and SPAD (Figure 3.3, Table 3.2). 
Developmental periods were also altered by growth at elevated [O3], including R5-R8 (Figure 
3.3, Table 3.2). R1, the appearance of first flower, was delayed from 1 – 2.4 days in 2011 and to 
a lesser extent (0.3 days) in 2013. There was a slight decrease in R1 (0.4 days) under elevated O3 
in 2012. Lodging also only showed marginal increases due to the elevated O3 treatment in 2013 
(Figure 3.3). 
Many traits measured in the RIL population showed more extreme phenotypic variation 
that exceeded the parental values, in both treatments and across all three years of the experiment 
(Figure 3.3). Pana often fell outside the density distributions for height and lodging as well as for 
some of the reproductive development traits (Figure 3.3). Many RILs showed greater reductions 
than either parent when grown under elevated [O3]; however, some RILs appeared to outperform 
both parents in both ambient and elevated [O3] with greater yield, 100 seed weight, SPAD, and 
stem diameter. Across all three years of the experiment, yields were negatively affected by 
elevated [O3] (Figure 3.5, Table 3.2). The extent of the O3 damage varied between years of the 
project with experiment years 2011 and 2013 being more similar showing a greater reduction 
because of elevated O3 than 2012 (Table 3.1). The vast majority of traits were significantly 
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correlated (P values < .01) (Figure 3.6); however, the strengths of the positive linear relationship 
(coefficient of determination, R2) were fairly low for most traits when compared to yield in 
elevated [O3].  
There was a significant genotype effect (P value < .05) for all measured traits (Table 3.3). 
There was a significant O3 treatment effect for every trait except lodging in 2011. Lodging and 
R1 were the only two traits that did not have a significant treatment effect in 2013. Again, 2012 
was a peculiar year with only significant treatment effects in yield, R8, R1-R8, and height. 
Significant entry x treatment interaction effects were observed for R1, R8, and R1-R8 in 2011 
and for height in 2013.  
Estimates of broad-sense heritability (H2) generally decreased across all traits when 
estimated for plants grown and measured in the elevated O3 treatment in 2011 and 2013; 
however, the inverse was true in 2012 (Table 4). H2 for yield, 100 sdwt, R8, and both 
reproductive intervals reported (R1-R8 and R5-R8) were increased under elevated [O3] in 2012. 
The only other traits that increased under elevated O3 were SPAD in 2011 and stem diameter in 
2013. H2 varied dramatically between treatments and years for most traits measured. R8 was the 
only trait with H2 > 0.50 in all environments. Estimates of H2 for yield varied between 0.15 and 
0.49, and 100 sdwt varied between 0.42 and 0.76. Estimates of genetic variance (σG2) showed a 
similar trend to H2 with larger σG2 observed in the ambient treatment relative to the elevated 
treatment in 2011 and 2013, but the opposite in 2012. Exceptions to this trend included traits 
related to final maturity (R8). Increases in σG2 were observed in R1-R8 in 2011 and 2013 and 
during pod fill (R5-R8) in 2011 and 2012. 
 
QTL mapping in single environments 
The FQP method identified 144 total QTL while the ICIM-ADD method identified 63 QTL 
across all three years of the experiment in the single environment analyses (Figure 3.6, Supp. 
File 3.3). 48 (27 Amb O3, 21 Ele O3), 42 (24 Amb O3, 18 Ele O3), and 55 (26 Amb O3, 28 Ele 
O3) QTL were discovered in 2011, 2012, and 2013 using the FQP method. All measured traits 
had at least one QTL in a single environment using the FQP method. ICIM-ADD identified 10 
QTL (3 Amb O3, 7 Ele O3) in 2011, 20 QTL (11 Amb O3, 9 Ele O3) in 2012, and 33 QTL (18 
Amb O3, 15 Ele O3) in 2013. Similarly to the FQP method, the ICIM-ADD method discovered 
QTL for all of the measured traits except for stem diameter and SPAD. Some QTL identified by 
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the FQP method had very large confidence intervals (>30cM), but the majority were less than 
30cM. Confidence intervals for the ICIM-ADD method ranged between 2.5 and 15 cM allowing 
for greater precision of shared QTL between the two methods. 
Eleven yield and 26 100 seed weight QTL were identified across all environments and on 
multiple chromosomes using the FQP method (Figure 3.6, Supp. File 3.3). The ICIM-ADD 
method was only able to detect yield QTL (5) in both treatments in 2012 and 2013. QTL for 100 
seed weight (6) were only identified in 2013 with this method. Additionally, the FQP method 
identified the same significant QTL for 100 seed weight, height, lodging, R5-R8, and R8 in all 
six environments, while the ICIM-ADD method identified the same QTL in five of six 
environments for R1, R8, and R5-R8. These results suggested that these QTL were stable. There 
were 48 shared single environment QTL between the two mapping methods providing added 
confidence that these are true QTL in this population (Supp. File 3.3). More than half of all 
identified QTL were related to reproductive development traits regardless of the mapping 
method utilized. Both methods also identified many co-located QTL, defined as QTL of different 
traits within 30 cM of the most significant marker or interval for this experiment. Both methods 
also identified a number of O3 specific QTL (Figure 3.6, Supp. File 3.3), QTL that were only 
significant in an elevated O3 treatment. Four of these QTL were identified using both methods 
and were related to yield, 100 seed weight, lodging, and R1-R8 (Supp. File 3.3).  
The QTLxE analysis identified 62 QTL (Supp. File 3.3). Twenty-two of these QTL were 
unique to this analysis, while the rest of QTL were the same as identified by at least one of the 
single environment QTL methods. The majority of these QTL were between growing seasons, 
not the O3 treatment (yellow highlighted cells, Supp. File 3.3), and explained a relatively small 
amount of the phenotypic variation of the trait (QTL summary table); however, there were some 
very strong pleiotropic QTLxE where additive by environment interaction (AxE) effects were 
greater than the additive effect (yield_qtl_7_0cM) or where a large percentage of the trait 
variation was explained by AxE (yield_qtl_18_5cM).  
Discussion 
Breeding for O3 tolerance is an inherently difficult process. Ozone is a secondary phytotoxin 
reliant on the presence of the necessary chemical precursors as well as the appropriate 
environmental conditions (generally warm, dry, and sunny) for its formation. Because of these 
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requirements, there is not only a diurnal and temporal pattern to O3 concentrations, but O3 is 
often accompanied by additional abiotic stressors including elevated temperatures or drought 
stress (Ainsworth, 2017). Ozone deposition onto the leaf surface is one fate of O3 in the 
troposphere, and the flux of O3 entering the leaf through the stomata is understood as the 
predominate path for O3 damage. This dependence on different environmental factors like water 
availability, which can substantially vary within and between different growing seasons, may 
greatly affect the effective dose of O3 (Osborne et al., 2016; Ainsworth, 2017; Ronan et al., 
2020). Indirect selection for O3 tolerant varieties has not likely occurred (Ainsworth et al., 2008; 
Biswas et al., 2009). While yield gains in soybean have increased with improved genetics and 
on-farm management in recent decades (Specht et al., 2014), these yield gains have likely been 
driven by increases in stomatal conductance (Koester et al., 2016), which could reduce plant 
productivity and yield in high O3 environments by increasing the phytotoxic dose of O3 (Ronan 
et al., 2020).  
The ability to identify significant QTL for abiotic stress tolerance is dependent on the 
efficacy of the treatment as well as sufficiently large σG2 (Almeida et al., 2013). As shown in this 
study, the O3 treatment implemented with FACE technology had a significant effect on many of 
the measured traits (Table 3.3), and elevated [O3] reduced σG2 and H2 in two of the three growing 
seasons (Table 3.4). Theoretically, the drought in 2012 paired with the elevated [O3] treatment 
created an environment allowing for greater σG2 promoting the identification of O3-related QTL 
and potentially for the selection of conserved or multiple stress tolerance; however, the incidence 
of significant QTL was greater in the ambient treatment (Supp. Table 3.2). This inverse 
relationship between variance and abiotic stressors has been reported in maize mapping studies 
for yield under water stress conditions making QTL identification more difficult under stress 
(Ribaut et al., 1997; Messmer et al., 2009). The lack of significant genotype by treatment 
interactions for many of the measured traits also limited the ability to detect the segregation in 
the response, namely QTL, in this population to elevated O3 (Table 3.3).   
Mapping studies have been previously used to identify O3-related QTL in soybean and other 
important crops like maize and rice (Frei et al., 2008; Ueda et al., 2015; Burton et al., 2016; 
Sorgini et al., 2019). Some of the most promising work has been accomplished in rice where 
multiple QTL for O3 tolerance were subsequently combined into novel breeding lines inferring 
tolerance and ultimately higher yields under elevated [O3] (Wang et al., 2014). Burton et al. 
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(2016) performed a leaf damage QTL mapping experiment using RILs from a biparental soybean 
population grown in elevated [O3] chambers for five days. Leaf damage scores were taken on 
different leaves throughout the canopy and identified QTL with reasonably high heritability. 
These leaf damage QTL are an important first step; however, pursuing these QTL for soybean 
improvement relies on the assumption that leaf damage is strongly correlated with reductions in 
final yield. Chen et al. (2009) showed differential plant responses for a number of leaf-level traits 
in soybean treated with a high concentration of O3 (600 ppb) compared to a lower concentration 
of O3 (90 ppb) for 8h d-1 for 30 days. While both treatments produced similar visual symptoms 
and lowered carbon assimilation, the mechanisms driving these reductions differed. The duration 
and type of O3 treatment likely has a substantial effect on how plants respond to and ultimately 
mitigate the negative effects, be that avoidance through stomatal closure, an increase in the 
detoxification capacity of the leaf, or delayed senescence, associated with elevated [O3] 
(Wilkinson and Davies, 2010). Leaf damage will likely affect yields negatively, but the leaf 
damage QTL identified by Burton et al (2016) may not ultimately help develop adapted, high-
yielding cultivars because of substantial linkage drag and high-latitude adaptation of the parental 
lines used in that study (Peng et al., 2014). The cultivars used to develop the mapping population 
in this study were bred for the major soybean growing regions of the US and showed 
intraspecific variation in O3 response for many of the traits associated with yield components 
(length of the reproductive interval, plant productivity, and 100 seed weight) and yield, albeit not 
always the expected response. The results presented in this chapter provide multiple QTL 
specifically for yield and known yield components. Pursuing QTL at both the leaf-level and with 
season long traits may ultimately result in better understanding of the complex genetic 
mechanisms of O3 tolerance in soybean.  
The many co-located QTL identified in this chapter suggest pleiotropic or closely linked 
QTL. It has been shown that later maturity soybeans tend to also have co-located QTL for many 
agronomic traits, most importantly yield, but also for height and lodging (Kim et al., 2012; Diers 
et al., 2018). This was true for many of the identified yield QTL with maturity traits (Figure 3.6); 
however, there were some significant yield QTL that co-located with height, lodging, and SPAD 
(ex. chromosome 19), and not development. The QTL discovered with this population generally 
identified traits associated with total plant productivity. The incorporation of these QTL into 
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relevant germplasm will improve soybean lines regardless of environment, but do not 
specifically confer or address O3 tolerance.  
The ability to better understand the genotype by environment interactions (GxE) and 
ultimately the QTLxE has long been a goal of plant breeders (Almeida et al., 2013; El-Soda et 
al., 2014; Xavier et al., 2018). Many of the QTL presented here have been identified in larger or 
more advanced mapping populations addressing the domestication and genetic architecture of 
agronomic traits in soybean (Diers et al., 2018; Swarm et al., 2019). This study uniquely allowed 
for the identification of these QTL and their contribution to specific traits across growing seasons 
and under different [O3]. A number of these QTL were consistently identified regardless of the 
environment (Supp. File 3.3). These environmentally stable or constitutive QTL are the most 
reliable targets for a breeding program. There were no constitutive QTL for yield across all 
environments in either single environment QTL mapping method. The FQP method identified 
one significant QTL (yield_qtl_19_1.75cM) for yield in both O3 environments in 2011 and 2013 
(Figure 3.6, Supp. File 3.3). This QTL is likely conditionally neutral having explained between 
8.5 – 14.6% of the total phenotypic variation and an additive effect of 54.6 – 87.3 Kg ha-1 and 
could be a potential target for marker assisted selection. A yield QTL identified from the 
SoyNAM population in Diers et al. (2018) was located near this QTL on chr 19; however, this 
QTL had a negative effect relative to the common parent in all of the RIL families, so additional 
investigation into the QTL is necessary. There were also three separate 100 seed weight QTL 
identified in five or six environments in this study. The 100 seed weight QTL on chr 11 had a 
negative additive effect, while the other two QTL on 13 and 17 had positive additive effects. All 
three QTL were identified in the QTLxE analysis showing opposite phenotypic effects across 
environments (Supp. File 3.3). Many additional QTLxE were also observed for all of the traits 
analyzed in this experiment with opposite phenotypic effects. The trend for most of these traits 
were for opposite effects across years, not across treatments within a year. Strong QTLxE 
interactions are not surprising given the nature of the experiment and the dramatically different 
growing seasons over the duration of this mapping study, but further show the difficulty of 
mapping and breeding for O3 tolerance (Supp. Table 3.2). While constitutive QTL, those that are 
stable across environments, are often preferred in breeding programs, there may be opportunities 
to take advantage of the QTLxE or O3-specific QTL identified in this study (Supp. File 3.3) (El-
Soda et al., 2014). Under the appropriate growing conditions (i.e. irrigation) or taking advantage 
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of regional weather patterns, localized breeding programs can adopt specific QTL that will be 
best utilized for a certain agronomic setting. Additionally, individual RILs that performed well in 
different treatments or across multiple years likely have stacked traits, and more relevant to this 
chapter, O3-tolerant QTL. These RILs are immediately available breeding lines containing 
additional positive traits like disease resistance and are locally adapted (Supp. Table 3.4). 
Selecting for yield and mapping traits under elevated O3 is not practical for most breeding 
programs. Growing mapping populations in the FACE infrastructure is limited by the size of the 
fumigation equipment and efficacy of the treatment. In order to obtain a reasonable yield 
estimate with replication within a growing season, 200 genotypes was the maximum number of 
lines that could be used. This limits the potential number of recombination events or the 
opportunity to grow larger mapping populations in the field. The season long average elevated 
O3 treatment in 2012 was less than 2011 and 2013, and the ambient O3 concentration was higher 
likely limiting the treatment effect. Even though the total number of days that the treatment was 
applied was 20 to 30 days longer as was the growing season (Supp. Tables 3.2 & 3.3), the overall 
yields were greater in 2012. Agronomic practices like planting date likely have a greater 
influence on yield than the O3 treatment applied potentially exacerbating the ability to identify 
stable O3 specific QTL. There are also some inherent shortcomings in using a biparental 
population for QTL mapping and for identifying traits that have low heritability and/or are 
controlled by many small effect QTLs like yield. Large parental chromosomal blocks are 
expected among RILs, which inevitably result in QTLs with large confidence intervals. This was 
observed for some QTL in this experiment (Figure 3.6, Supp. File 3.3). Advances in genomics 
leading to great marker densities as well as improved QTL detection methods and the use of two 
mapping strategies in this study provided additional confidence that the identified QTL are likely 
real. This approach also helped narrow the confidence intervals of these QTL allowing for better 
targets to pursue future fine-mapping studies, candidate gene studies, and aid in marker assisted 
selection (Bernardo, 2008). The short-term O3 exposure studies in more controlled environments 
have allowed for larger screening of diverse germplasm, genome-wide association studies, RNA-
sequencing analyses, and more targeted understandings of the physiology of ozone tolerance in 
soybean (Ahsan et al., 2010; Whaley et al., 2015; Yendrek et al., 2015; Burton et al., 2016; 
Chutteang et al., 2016; Waldeck et al., 2017). Incorporating the results and observations from 
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these previous works in O3 tolerance in soybean with knowledge gained in this study is a lofty, 
but important goal for advancing and increasing yields. 
 
Conclusion 
Breeding for O3 tolerance in crops is relatively new. The sheer difficulty in screening large 
numbers of germplasm in an elevated O3 environment is costly and impractical in most plant 
breeding applications. Being able to grow a major oilseed crop like soybean to final maturity 
under an augmented atmosphere in the field is even more demanding. The resources available at 
the University of Illinois provided a unique opportunity to do both. As the climate continues to 
change, elevated temperatures combined with more abundant chemical precursors and more 
variability in rain events, the expected damage caused by O3 is expected to increase (Ronan et 
al., 2020). The ephemeral nature of O3, and its interactions with other plant stressors make it a 
difficult stress to study and to breed for tolerance. A collaborative effort utilizing all of the 
resources available to understanding the mechanisms that underlie O3 tolerance will be the best 
way to improve soybean into the future
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FIGURES AND TABLES  
Figure 3.1. Previous yield data from 2004 – 2008 of the parental cultivars grown under elevated 
ozone at the SoyFACE facility. Open bars are yields grown under ambient O3 conditions. Shaded 

























Figure 3.2. A linkage map showing the density of SNP markers that were used to map QTL. 
Marker positions are in black. Warmer colors indicate a higher density of markers on a given 
chromosome. Cooler colors show lower marker density. The y-axis represents the chromosome 
length in cM.   
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Figure 3.3. Density distributions of BLUPs for the RIL population grown under ambient 
(hashed) and elevated (gray-filled) for all measured traits from 2011 – 2013. Values for Dwight, 
the sensitive parent, is represented by vertical blue lines; Pana the tolerant parent is represented 
by vertical orange lines. The ambient treatment for the parents is represented by a dashed line, 



























































Figure 3.4. Yield BLUPs for RIL population sorted by increasing ambient yield across three 
years of the experiment. Open points are ambient estimates, filled are elevated. The parental 








Figure 3.5. Correlation matrices for selected traits in 2013. The upper diagonal show trait R2 and 
Pearson correlation coefficients (P values) for the population. The lower diagonal show the 
scatter plots of trait correlations for pairwise trait comparisons. Ambient O3 measurements and 
statistics are in black with open dots, and the values of the elevated treatment are in gray with 











Figure 3.6. Significant QTL identified using the FQP method across three years of the experiment. The phenotypic variation (%) 
explained by a given QTL is the y-axis, and mapping distance (cM) is along the x-axis for each chromosome that contained a 
significant QTL. Open dots reflect QTL identified in the ambient environment, filled squares represent QTL identified in the elevated 













Table 3.1. Percent change (Elevated O3 – Ambient O3 / Ambient O3 * 100%) based on calculated BLUPs for all traits are shown. 
Mean, maximum, and minimum percent change is also presented for the RILs.  
 
 

















(mm) SPAD Year  
2011 Dwight -19.4 -10.0 -4.5 2.7 -2.5 -5.4 -13.4 -7.7 -10.7 -2.7 
 Pana -21.4 -11.5 -4.1 6.2 -1.0 -4.4 -11.7 0.0 -9.7 -2.7 
 RILs           
 Mean -20.1 -9.4 -4.0 6.1 -1.6 -5.4 -13.8 -7.1 -8.8 -2.5 
 Max -10.5 -2.6 1.0 10.5 1.3 -0.9 -8.5 7.5 -8.0 -1.8 
 Min -30.7 -15.1 -7.3 1.9 -3.9 -9.1 -19.9 -13.4 -12.4 -3.4 
2012 Dwight -9.5 -2.2 0.2 -0.9 -1.1 -1.4 -7.0 0.0 - - 
 Pana -8.4 -1.3 0.0 -0.9 -1.2 -1.5 -7.1 -8.1 - - 
 RILs           
 Mean -8.9 -1.4 0.0 -1.1 -1.4 -1.6 -7.6 -4.8 - - 
 Max -2.7 1.7 1.9 1.5 -0.1 0.5 1.3 55.5 - - 
 Min -17.4 -5.4 -2.3 -3.1 -3.1 -3.4 -17.7 -44.1 - - 
2013 Dwight -24.9 -11.0 -5.6 0.8 -2.1 -3.4 -2.0 5.0 -6.5 -7.3 
 Pana -21.3 -11.3 -5.8 0.8 -2.2 -3.8 -18.1 3.2 -8.7 -7.3 
 RILs           
 Mean -24.2 -10.9 -6.1 0.8 -2.5 -4.2 -3.3 5.6 -6.3 -7.1 
 Max -15.1 -6.4 -1.4 3.3 0.3 -0.4 6.8 36.9 -3.1 -6.4 








Table 3.2. Best linear unbiased predictors (BLUPs) for the parents and population in single environments (Trait and Year). Mean, 
maximum, and minimum values for the RIL population are also provided. 
 
































2011 Dwight 2562.8 3180.9 10.8 12.0 44.5 46.6 38.2 37.2 106.2 108.9 67.9 71.8 
 Pana 2663.6 3389.4 11.5 13.0 49.3 51.4 41.0 38.6 114.6 115.7 73.5 76.9 
 RILs             
 Mean 2550.3 3189.9 11.6 12.8 45.9 47.8 38.5 36.3 108.6 110.4 70.1 74.1 
 Max 3059.8 3580.8 15.4 16.1 51.3 51.9 42.9 40.9 117.2 116.9 75.1 79.6 
 Min 2016.3 2761.3 9.1 10.7 38.3 40.2 33.5 31.4 99.8 102.2 62.2 65.9 
2012 Dwight 3714.3 4104.2 13.5 13.8 52.8 52.7 45.3 45.7 120.5 121.8 75.2 76.3 
 Pana 3969.1 4335.2 15.1 15.3 60.0 60.0 46.3 46.7 132.9 134.5 86.4 87.7 
 RILs             
 Mean 3777.4 4146.7 14.6 14.8 54.7 54.7 45.6 46.1 123.2 125.0 77.6 78.9 
 Max 4529.7 5075.1 18.1 18.8 61.3 61.1 48.7 48.6 135.2 135.4 87.6 88.1 
 Min 3008.4 3389.5 11.2 11.8 48.4 48.3 44.1 44.7 116.5 118.0 71.4 73.3 
2013 Dwight 2973.0 3961.2 11.3 12.7 38.7 41.0 36.5 36.2 104.2 106.4 67.8 70.2 
 Pana 3642.9 4631.2 11.0 12.4 47.5 50.4 37.6 37.3 113.7 116.2 75.8 78.8 
 RILs             
 Mean 3097.3 4085.5 11.5 12.9 39.9 42.5 36.6 36.3 105.0 107.7 68.4 71.4 
 Max 3826.2 4628.8 13.8 15.0 44.4 46.5 41.0 40.4 112.3 114.6 73.5 76.1 










Table 3.2 continued. 
 





Year  Ele O3 Amb O3 Ele O3 Amb O3 Ele O3 Amb O3 Ele O3 Amb O3 
2011 Dwight 62.7 72.4 1.2 1.3 5.0 5.6 43.8 45.0 
 Pana 94.1 106.6 2.7 2.7 5.6 6.2 43.5 44.7 
 RILs         
 Mean 66.1 76.7 1.3 1.4 5.2 5.7 43.6 44.7 
 Max 86.2 96.6 2.2 2.2 5.9 6.4 45.4 46.4 
 Min 54.7 65.3 1.0 1.1 4.7 5.3 41.5 42.6 
2012 Dwight 84.7 91.1 1.7 1.7 - - - - 
 Pana 126.3 136.0 3.4 3.7 - - - - 
 RILs         
 Mean 87.9 95.1 2.0 2.1 - - - - 
 Max 108.5 110.2 3.7 3.7 - - - - 
 Min 72.1 80.7 0.8 0.9 - - - - 
2013 Dwight 84.1 85.8 2.1 2.0 5.8 6.2 44.4 47.9 
 Pana 96.1 117.3 3.2 3.1 6.3 6.9 44.6 48.1 
 RILs         
 Mean 85.2 88.1 1.9 1.8 5.9 6.3 44.6 48.0 
 Max 95.2 96.4 3.4 3.3 6.3 6.6 45.6 49.0 




Table 3.3. Mixed model Type III results for fixed effect terms: Entry, treatment (Trt), and the 
interaction effect between the Entry and treatment (Trt*Entry). Reported are numerator degrees 
of freedom (Num DF), denominator degrees of freedom (Den DF), F values, and P values. 
Significant P values (P < .05) are bold and italicized. 
 
Year   2011 2012 2013 
Trait Term Num DF 
Den 
DF F P 
Den 
DF F P 
Den 
DF F P 
Yield 
Entry 193 399 3.08 <.0001 397 5.20 <.0001 397 3.60 <.0001 
Trt 1 12.7 27.87 .0002 12.7 6.81 .0219 12.8 144.
1  
<.0001 
Trt*Entry 193 399 1.02 .438 397 1.03 .386 397 0.96 .634 
100 
SDWT 
Entry 193 398 10.75 <.0001 397 15.5
 
<.0001 392 5.76 <.0001 
Trt 1 12 41.23 <.0001 12.5 1.49 .2448 11.5 61.3
 
<.0001 
Trt*Entry 193 398 1.14 .145 397 0.97 .588 392 0.86 .877 
R5-R8 
Entry 193 395 6.14 <.0001 397 5.41 <.0001 398 6.25 <.0001 
Trt 1 11.1 12.86 .0042 11.8 0.00 .9991 12.3 15.7
 
.0018 
Trt*Entry 193 395 1.14 .146 397 0.92 .739 398 0.99 .52 
R1 
Entry 193 380 12.27 <.0001 397 2.80 <.0001 397 7.79 <.0001 
Trt 1 9.85 145.5
 
<.0001 12.4 2.55 .1357 11.6 1.03 .3306 
Trt*Entry 193 380 1.4 .0029 397 0.92 .73 397 0.96 .615 
R8 










Trt*Entry 193 398 1.31 .0124 398 1.22 .054 398 1.20 .066 
R1-R8 
Entry 193 396 6.32 <.0001 396 12.1
 
<.0001 398 7.21 <.0001 





Trt*Entry 193 396 1.39 .0034 396 1.11 .204 398 1.15 .117 
Height 
Entry 193 398 15.13 <.0001 398 12.6
 
<.0001 397 3.31 <.0001 
Trt 1 12.5 57.77 <.0001 13.4 11.0
 
.0052 13 5.44 .0364 
Trt*Entry 193 398 1.19 .08 398 1.18 .085 397 1.56 .0001 
Lodgin
g 
Entry 193 335 4.3 <.0001 398 6.82 <.0001 390 4.67 <.0001 
Trt 1 5.28 3.57 .114 12.8 0.16 .6953 10.9 0.34 .571 
Trt*Entry 193 335 1.04 .373 398 1.13 .155 390 0.73 .9924 
Stem 
dia 
Entry 193 383 1.93 <.0001 - - - 390 1.64 <.0001 
Trt 1 10.9 55.83 <.0001 - - - 10.9 21.3
4 
.0008 
Trt*Entry 193 383 0.91 .768 - - - 390 1.02 .425 
SPAD 
Entry 193 378 2.91 <.0001 - - - 398 1.33 .0095 
Trt 1 10.4 41.46 <.0001 - - - 13.7 43.1
9 
<.0001 




Table 3.4. Genetic variance (σG2), total variance (σ2), and heritability (H2) for single 
environments. 
 
Year  2011 2012 2013 
Trait Treatment σG2 σ2 H2 σG2 σ2 H2 σG2 σ2 H2 
Yield 
(Kg ha-1) 
Amb O3 47991 133337 0.36 91150 503119 0.18 81710 165553.7 0.49 
Ele O3 44106 292440 0.15 108535 231419 0.47 47992 224861 0.21 
100 SDWT 
(g) 
Amb O3 0.91 1.32 0.69 1.49 2.47 0.6 0.71 1.3 0.55 
Ele O3 0.83 1.47 0.57 1.56 2.06 0.76 0.54 1.28 0.42 
R5-R8 
(Days) 
Amb O3 5.48 10.62 0.52 4.24 12.46 0.34 2.8 5.97 0.47 
Ele O3 6.18 14.31 0.43 4.59 8.58 0.53 2.74 9.84 0.28 
R1 
(DAP) 
Amb O3 6.18 8.15 0.76 0.72 2.39 0.3 2.31 4.7 0.49 
Ele O3 3.67 6.07 0.6 0.36 1.89 0.19 2.08 3.88 0.54 
R8 
(DAP) 
Amb O3 10.73 13.69 0.78 13.83 20.84 0.66 6.65 9.53 0.7 
Ele O3 12.49 20.37 0.61 10.92 15.08 0.72 7.7 15.54 0.5 
R1-R8 
(Days) 
Amb O3 6.22 11 0.57 9.09 16.12 0.56 3.7 7.34 0.5 
Ele O3 6.34 18.87 0.34 7.82 12.01 0.65 4.13 11.28 0.37 
Height 
(cm) 
Amb O3 33.1 47.14 0.7 40.04 69.9 0.57 31.75 49.87 0.64 
Ele O3 27.36 56.26 0.49 40.33 99.34 0.41 0 54.74 0 
Lodging 
(1-5) 
Amb O3 0.11 0.27 0.43 0.44 0.83 0.52 0.21 0.53 0.4 
Ele O3 0.07 0.23 0.32 0.4 0.87 0.46 0.21 0.53 0.39 
Stem Dia 
(mm) 
Amb O3 0.05 0.41 0.13 - - - 0.03 0.31 0.1 
Ele O3 0.06 0.52 0.12 - - - 0.03 0.29 0.11 
SPAD Amb O3 0.73 3.17 0.23 - - - 1.25 4.31 0.29 Ele O3 1.01 3.21 0.31 - - - 0 10 0 
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CHAPTER 4: PHOTOSYNTHETIC CHARACTERIZATION OF THE SOYBEAN 
NESTED ASSOCIATION MAPPING POPULATION USING HYPERSPECTRAL 
REFLECTANCE 
Introduction 
Meaningful phenotypic data has failed to keep pace with ample, inexpensive, and easily 
collected genomic data (Furbank and Tester, 2011; Cabrera-Bosquet et al., 2012; Araus and 
Cairns, 2014; Araus et al., 2018). Phenotyping for traits of interest is often destructive, difficult 
to collect, time consuming, and costly. The literature proposes significant investment in 
developing high-throughput phenotyping technologies will be necessary to screen the vast 
genetic diversity that is currently being underutilized in breeding major crops including soybean 
and maize (Mikel and Dudley, 2006; Lam et al., 2010; Li et al., 2010; van Heerwaarden et al., 
2012; Li et al., 2013; Qiu et al., 2013). These technologies and genetic resources are proposed to 
help adapt plants to a changing climate and attain the yield increases that will be necessary to 
feed a growing world population over this century (Tester and Langridge, 2010; Araus et al., 
2018).  
Remote sensing with reflectance data has been utilized in studying plants from the leaf to 
the ecosystem level for decades (Curran, 1989; Gamon et al., 1992; Penuelas et al., 1994; Asner, 
1998; Asner et al., 2003). Known regions of a full-range (500 – 2400nm) leaf reflectance 
spectrum correspond to different leaf components (Jacquemoud and Baret, 1990; Pazdernik et 
al., 1997; Asner, 1998; Penuelas and Filella, 1998; Carter and Knapp, 2001; Slaton et al., 2001; 
Sims and Gamon, 2002; Serbin et al., 2014). The physical signal captured by a spectroradiometer 
is largely dependent upon electromagnetic scatter, which includes surface reflection 
(microstructures on the leaf and roughness), internal reflection of leaf structural components, and 
diffraction from interference with other components within the leaf including water and 
intercellular airspace identified in the near- and shortwave-infrared regions of the spectrum 
(~700 – 2400nm). The chemical properties in leaves are largely driven by absorption of pigments 
(chlorophylls and carotenoids) in the visible spectrum (~500 – 700nm) and molecular vibrations 
of functional groups ultimately absorbing infrared radiation in the near- and shortwave infrared 
regions (Walter-Shea and Norman, 1991; Sandak et al., 2016). Only recently has reflectance data 
been proposed and proved effective as a means of capturing leaf-level phenotypes that have 
traditionally been time-consuming, costly, or difficult to measure on large populations in a high-
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throughput manner (Ainsworth et al., 2014; Dreccer et al., 2014; Fahlgren et al., 2015; Flood et 
al., 2016; Heckmann et al., 2017; Yendrek et al., 2017b; Silva-Perez et al., 2018; Meacham-
Hensold et al., 2019). The traits and species measured in these studies vary, but all seek to find a 
means of correlating a rapidly collected and non-destructive reflectance spectrum with a trait of 
interest that has previously required extensive time, money, and resources to collect and process. 
A major benefit of the technique is the derivation of multiple leaf-level traits from a single 
spectrum further reducing the time and costs associated with trait collection.  
Multiparental or next generation mapping populations have been proposed as a means of 
overcoming some of the shortcomings of linkage analysis and association mapping by pairing 
the two mapping strategies (Yu et al., 2008; Morrell et al., 2012). Linkage analysis or 
quantitative trait locus (QTL) mapping traditionally relies on creating a mapping population of 
recombinant inbred lines (RILs) utilizing two parental varieties differentially expressing a 
quantitative trait of interest. These populations are reliant on recombination in the segregating 
population, which can be limited depending on the parental choice and the number of RILs used 
for phenotyping (Beavis, 1994). This may result in large chromosomal regions identified as QTL 
limiting the resolution and applicability of these QTL for other purposes. QTL mapping and the 
creation of RILs also take time and are limited by their applicability beyond the initial cross. 
Association mapping relies on screening large numbers of accessions of a species and on linkage 
disequilibrium, the nonrandom association of alleles between two or more loci, and historical 
recombination which can provide finer resolution of the genetic structure underlying a trait (Li et 
al., 2011). The correlation between genotype and phenotype in many unrelated individuals and 
dense genome-wide marker capabilities has allowed for finer genomic resolution in association 
mapping, but at a loss of power to detect QTL. Association mapping has also been shown to 
falsely identify the known location of causative loci or genes.  
Nested association mapping (NAM) is a next generation mapping approach that attempts 
to marry the best of both association and QTL mapping to identify beneficial alleles from elite 
and exotic germplasm with the power to identify QTL. NAM populations have been created in 
both soybean and maize by selecting a large and diverse number of parental lines that are all 
crossed to a common parent (Yu et al., 2008; Diers et al., 2018). RILs are then developed from 
these crosses. The Soybean Nested Association Mapping (SoyNAM) population has 40 parental 
soybean lines representing modern elite varieties, lines with diverse ancestry, and plant 
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introductions (PI) that yielded well under drought conditions, and have all been crossed to a 
common parent, cv. IA3023, to create 40 biparental RIL populations each containing 
approximately 140 RILs (~5600 total) (Diers et al., 2018). The 41 parental lines were deeply 
sequenced for SNP discovery and all RILs were genotyped using the SoyNAM6K Beadchip 
(Anderson et al., 2014; Song et al., 2017). Many agronomic traits and their response to the 
environment have been analyzed since the initial planting of the SoyNAM population from 
2012-2015. These traits include grain yield, lodging, seed weight, length of the reproductive 
period, node number, pods per node, internode length, plant height, and canopy closure (Xavier 
et al., 2016; Xavier et al., 2017; Diers et al., 2018; Xavier et al., 2018). The utilization of the 
SoyNAM population has provided a better understanding of these traits and how they affect yield 
while also identifying previously unknown alleles that may provide new genetic sources to 
improve yield. 
While current soybean yield potential and actualized yields continue to improve (Koester 
et al., 2014; Specht et al., 2014), annual gains are projected to be insufficient to meet the 
demands of a growing world population, especially under the looming threat of global climate 
change (Ainsworth et al., 2008; Raines, 2011; Ray et al., 2012; Ray et al., 2013; Hunter et al., 
2017). The physiological basis for genetic improvements leading to greater yields in soybean 
may be outlined by the Monteith equation (𝑌𝑌𝑝𝑝 = 0.487𝑆𝑆𝑡𝑡  × 𝜀𝜀𝑖𝑖 × 𝜀𝜀𝑐𝑐 × 𝜀𝜀𝑝𝑝) where yield potential 
(𝑌𝑌𝑝𝑝) is a product of the photosynthetically active radiation (0.487𝑆𝑆𝑡𝑡), the interception efficiency 
(𝜀𝜀𝑖𝑖), the conversion efficiency (𝜀𝜀𝑐𝑐), and the partitioning efficiency (𝜀𝜀𝑝𝑝) or harvest index (HI) 
(Monteith, 1977). The increases in soybean yield are attributed primarily to improvements in 𝜀𝜀𝑖𝑖 
and 𝜀𝜀𝑝𝑝 (Parry et al., 2011; Koester et al., 2014; Specht et al., 2014); however, both efficiencies 
are reaching their theoretical maximums, 0.9 and 0.6 respectively (Zhu et al., 2008, 2010). In 
order to maintain and potentially exceed the current yearly gains in soybean yield, improvements 
in 𝜀𝜀𝑐𝑐, the difference between photosynthesis and respiration, are necessary (Long et al., 2006; 
Raines, 2011). The theoretical maximum of 𝜀𝜀𝑐𝑐 for soybean is approximately 0.046 while the 
realized is only 0.035 for C3 plants (Zhu et al., 2008, 2010). One possibility for improving 𝜀𝜀𝑐𝑐 in 
soybean is to take advantage of the natural variation observed and breed for genotypes with 
improved carbon assimilation or photosynthesis (Parry et al., 2011; Raines, 2011; Faralli and 
Lawson, 2020). Photosynthesis is limited primarily by the maximum rate of carboxylation by 
Rubisco (𝑉𝑉𝑐𝑐,𝑖𝑖𝑚𝑚𝑚𝑚) or the rate of RuBP regeneration (𝐽𝐽𝑖𝑖𝑚𝑚𝑚𝑚) (Farquhar et al., 1980; Farquhar and 
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Sharkey, 1982). In efforts to identify genetic variation in photosynthetic capacity (Vc,max and Jmax) 
in soybean, a means to rapidly screen Vc,max and Jmax in hundreds of different lines is essential. 
However, the current best methods for obtaining accurate estimates of both 𝑉𝑉𝑐𝑐,𝑖𝑖𝑚𝑚𝑚𝑚 and 𝐽𝐽𝑖𝑖𝑚𝑚𝑚𝑚 use 
infrared gas analysis, which is time consuming. Thus, screening any substantial soybean 
germplasm collection for natural variation for either limiting process of photosynthesis is not 
realistic (Lawson et al., 2012; Driever et al., 2014). Recent studies show that relatively high-
throughput sampling methods utilizing hyperspectral adaxial leaf reflectance measurements and 
partial least squares regression (PLSR) models have the ability to accurately predict 
photosynthetic parameters in C3 and C4 plants as well as other leaf chemistry, morphology, and 
isotopic composition traits (Serbin et al., 2012; Ainsworth et al., 2014; Dreccer et al., 2014; 
Serbin et al., 2014; Heckmann et al., 2017; Yendrek et al., 2017b; Silva-Perez et al., 2018). 
Capturing data for the rate-limiting steps of photosynthesis on a sizeable linkage mapping 
population or an advanced mapping population like the SoyNAM panel in a timely manner is 
difficult and costly using current gas exchange systems. A standard A/Ci curve that is used to 
estimate both Vc,max and Jmax can take 30 minutes. It would require approximately 116 days of 
continuous measurements with one gas exchange system to obtain estimates of Vc,max and Jmax 
from the entire SoyNAM population. The development of leaf reflectance-based, high-
throughput phenotyping models is a means of overcoming the difficulty and time constraints of 
these measurements. Soybean-specific models relating leaf reflectance to gas exchange traits 
using diverse soybean genotypes, including the NAM founders, will provide more accurate 
estimation of photosynthetic parameters and leaf biochemistry in soybean and may be robust 
enough to be applied to other populations and possibly useful as a screening tool for untested 
soybean germplasm and selections (Heckmann et al., 2017). The purpose of this work is to pair 
this high-throughput phenotyping method with mapping populations to discover significant 
marker-trait associations for photosynthetic capacity and leaf-level biochemical traits in soybean. 
 
Materials and Methods 
PLSR model development 
Paired leaf reflectance and ground-truth data were collected from 2011 – 2019 (Supplemental 
Table 1). Diverse soybean genotypes were planted in order to maximize the physiological 
diversity for using leaf reflectance and PLSR techniques to estimate photosynthetic and 
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biochemical traits. The diverse soybean population used to build these models totaled 114 lines 
and included the 40 founder lines and the common parent of the Soybean Nested Association 
Mapping panel (SoyNAM) (Song et al., 2017) along with a number of chlorophyll deficient 
soybean lines provided by the USDA Soybean Germplasm Collection as outlined in Walker et al. 
(2018). The soybean varieties and accessions used spanned maturity groups (MG) I through VI, 
but were predominately MG II-IV (Supplemental Table 2). Not all of the listed soybean varieties 
were available for gas exchange measurements or tissue sampling in every year of data 
collection.  
 
A/Ci curves and estimates of Vc,max and Jmax 
Two methods were used to estimate Vc,max and Jmax. To obtain both rate limiting steps of 
photosynthesis, the diverse soybean population was sampled predawn to measure A/Ci curves 
and obtain estimates of Vc,max and Jmax using established protocols (Sanz-Saez et al., 2017). 
Petioles were excised pre-dawn on the youngest, most fully-expanded leaf located at the top of 
the canopy, and quickly placed in water. Petioles were cut again under water to maintain turgor. 
Plants were kept in low light conditions until ~ 20 minutes before gas exchange measurements 
when they were placed in a diffuse light environment. Leaf reflectance was captured on the 
adaxial side of the leaf using the FieldSpec 4 Standard Res Spectroradiometer (Panalytical 
Boulder, Boulder, CO) and a leaf clip with a self-contained light source. Then, gas exchange was 
measured with a LI-COR LI-6400XT Portable Photosynthesis System (LI-COR, Lincoln, 
Nebraska) under saturating light (1750 PPFD), ambient leaf temperature and relative humidity. 
Leaves were stabilized at a [CO2] of 400 ppm. The A/Ci curves were measured at the following 
[CO2]: 400, 300, 225, 150, 100, 50, 400, 600, 800, and 1000 ppm. Estimates of Vc,max and Jmax 
were normalized to 25°C using the model from Farquhar et al. (1980) and temperature 
parameters from Bernacchi et al. (2001; 2003).  
The second method only estimated Vc,max utilizing the initial slope of the A/Ci curve from 
measurements made during midday. The cuvette on the gas exchange system was set to control 
the ambient temperature and relative humidity and measurements were made under saturating 
light (1750 PPFD). Leaf reflectance measurements were also captured using the FieldSpec 4 
Standard Res Spectroradiometer (Panalytical Boulder, Boulder, CO) on the lateral leaves of the 
trifoliate during the A/Ci curve. Leaves were stabilized at a [CO2] of 400ppm, and subsequent 
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gas exchange measurements were made at 400, 250, 150, 100, and 50 ppm to estimate Vc,max and 
then normalized to 25°C as outlined above. All additional A/Ci curves used in this chapter 
followed similar protocols. For specific methods of all curves from compiled estimates of Vc,max25 
and Jmax25, please see Ainsworth et al. (2014), Walker et al. (2018), and Kumagai et al. (in 
preparation). The temperature-normalized rate limiting steps of photosynthesis, Vc,max25 and 
Jmax25, were chosen for this analysis to compare these traits across the entirety of the SoyNAM 
population in both locations because these traits are highly temperature dependent (Bernacchi et 
al., 2013).  
 
Leaf chemical and physiological sampling 
Leaf tissue samples for a suite of phenotypes (leaf chemistry and morphology) were collected. 
These samples were collected at midday from a sunlit, fully-developed leaf or from the leaves 
used in A/Ci curves. Leaf reflectance measurements were taken simultaneously with sample 
collection. Small (~1.4 cm2) leaf punches were taken with a cork borer, placed in 2 ml screw-cap 
tubes, and flash frozen in liquid nitrogen. One punch was used to determine total chlorophyll 
concentrations as outlined by Lichtenthaler and Wellburn (1983). Glucose, fructose, sucrose, 
starch, and protein were also determined from this leaf punch using the methods of Ainsworth et 
al. (2007). Leaf tissue samples for SLA, leaf carbon, and leaf nitrogen concentration were 
collected and processed as outlined in Chapter 2. Three leaf punches were taken from each leaf 
and dried at 60°C for five days to determine SLA. Dried leaf tissue was ground and combusted 
with oxygen to determine leaf nitrogen and carbon content using a Costech 4010 elemental 
analyzer (Costech Analytical Technologies, Inc., Valencia, CA). All leaf nitrogen and carbon 
content were determined on a mass basis. 
 
Development of PLSR models for soybean leaf-level traits and application to SoyNAM 
All traits were modeled using the following protocol. Initial screening of each measured 
phenotype occurred by visual inspection of a histogram followed by outlier removal. This 
process was formalized for most traits by removing values > ±2 standard deviations from the 
mean. The remaining observations were randomly subset into calibration (80%) and validation 
(20%) data sets. An initial partial least squares regression model was run using the measured trait 
values from the calibration dataset and the full range of wavelengths (500nm – 2400nm) and 
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twenty-five factors to provide a visual representation of the predicted residual error sum of 
squares (PRESS). This provided a starting number of potential factors to include in the final 
PLSR model for each trait. Residuals from this initial model build and implementing 25 factors 
were used to remove additional outliers that were > ±2.5 standard deviations from the calibration 
data. The number of removed observations was ≤ 5% of the total observations. The PLSR model 
was again performed on the subset of calibration data using leave one out cross-validation. This 
model was then used to predict the validation data set. Plots of the root mean square of the cross-
validation (RMSECV), root mean square error of the prediction (RMSE), and PRESS were used 
to determine the final number of factors to include in each PLSR model by minimizing error and 
maximizing the predictive ability of the validation data. The number of factors selected varied by 
trait. A jack-knife resampling approach (1000X resamples) was utilized to validate the model 
with the independent validation data, which provides confidence intervals for the model 
estimates of the validation data and model bias. PLSR models that were determined to be 
effective were applied to the collected leaf reflectance data from SoyNAM population (collection 
method below) (Supp. File 4.1). These traits included total chlorophyll (Chl), the percent of leaf 
carbon (Cperc), Jmax normalized to 25°C (Jmax25), the percent leaf nitrogen (Nperc), specific leaf 
area (SLA), and Vc,max normalized to 25°C (Vc,max25) (Supp. File 4.2). Histograms of the 
SoyNAM modeled trait estimates were viewed to ensure normality. Additional outlier processing 
was performed by removing estimates greater than 6 median absolute deviations from a given 
trait median across all estimates.  
 
Reflectance collection and yield for genetic mapping 
Reflectance spectra for mapping the PLSR traits were collected from the SoyNAM population 
planted at the University of Nebraska in 2012 and the University of Illinois at Urbana-
Champaign in 2013. Three-fourths of the entire population was sampled in 2012 from irrigated 
plots. Leaf reflectance measurements were collected from the entire population in 2013, and the 
plots were rain-fed. Hyperspectral reflectance measurements were captured with a FieldSpec4 
Standard Resolution spectroradiometer (Panalytical Boulder, CO). Reflectance measurements 
were captured during soybean reproductive stages R4 or R5 (seed fill) with a few exceptions due 
to the diversity of the NAM population. Reflectance measurements were collected from an 
uppermost, fully expanded, sunlit leaf from three random plants in each plot during midday 
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(~11h – 15h) over approximately two weeks. Three individual reflectance measurements were 
captured proximally from the adaxial side of the central leaflet using a leaf clip with a self-
contained light source. Yield data from the 2012 and 2013 SoyNAM population for the two 




The PLSR modeled traits and yield were modeled using a general stage-wise linear mixed model 
similar to the method described in Diers et al. (2018) to incorporate the field design and year into 
final trait estimates2. Incomplete blocks within the two environments were augmented with 
check varieties IA2094, IA3023, U06-100052, LD02-4485, LD04-11056, and LD04-13265. The 
first stage of the model used these checks to provide estimates of block effects to adjust 
genotypic values for the leaf reflectance traits and yield. Empirical best linear unbiased predicted 
values (EBLUPs) were used for estimates of block effects based on following mixed linear 
model:  
𝐲𝐲 = 𝐂𝐂κ + 𝐁𝐁π + ε, 
π ~ N�𝟎𝟎, 𝐈𝐈σblk2 �, 
ε ~ N(𝟎𝟎, 𝐈𝐈σres2 ), 
Cov(π, ε) = 𝟎𝟎 
 
For each trait, y was a vector of all of the values for the check varieties in all blocks sampled, C 
represented an incidence matrix for the check varieties, 𝛋𝛋 was the vector of fixed effects 
represented by the check varieties, B was an incidence matrix indicating which block the y value 
came from, 𝛑𝛑 was the vector of random effects represented by each block, I was the identity 
matrix, σ𝑏𝑏𝑖𝑖𝑖𝑖2  was the variance among blocks, 𝛆𝛆 represented the residual effect not accounted for 
in the model, and σ𝑟𝑟𝑟𝑟𝑠𝑠2  was the variance among the residual values.  
 PLSR modeled leaf reflectance phenotypes for the RILs and yield were then evaluated in 
an unbalanced design across the two environments in the second stage of the model. A mixed 
                                                 
2 Model design provided by Matheus Krause and William Beavis of Iowa State University 
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linear model was used for trait estimations on the RILs and the non-check (parental) varieties 
using the following equation: 
𝐲𝐲 = 𝐗𝐗𝐗𝐗 + 𝐙𝐙𝐙𝐙 + 𝛆𝛆, 
𝐗𝐗 = 𝐗𝐗blk, 
𝐙𝐙 ~ N�𝟎𝟎, 𝐈𝐈σg2� 
ε ~ N(𝟎𝟎, 𝐈𝐈σres2 ), 
Cov(𝐙𝐙, 𝛆𝛆) = 𝟎𝟎 
 
y was a vector of the reflectance derived traits values for the RILs and the non-check parental 
lines. The length of y and the matrices X and Z were dependent on the number of averaged 
reflectance spectra captured in each year. X represented a vector of estimated shrunken block 
values from the first stage of the model. The block value covariate was considered a fixed effect 
in the second stage of the model. 𝛽𝛽 was the slope and intercept for the block effect. Z was an 
incidence matrix for the RILs and the parental varieties, which indicate in which block the 
measured trait value, y, was measured. y was the random effect for the entries (RILs and parental 
varieties). I was the identity matrix, σg2 was the genotypic variance among the entries, and 𝜀𝜀 was 
the residual value that was not accounted for in the model. 𝜎𝜎𝑟𝑟𝑟𝑟𝑠𝑠2  was the variance among the 
residual values. All of the statistical analyses used to estimate EBLUPs was all conducted in R 
version 3.5.2 using the lmer package (Supp. Files 4.3 and 4.4) (Bates et al. 2015).  
 
Variance components and heritability estimates 
Variance components in model 2 were estimated using the lmer R package (Bates et al, 2015). 
The estimated genetic variance (σg2) and model error variance (σε2) was used to calculate the 
broad-sense heritability on a RIL entry mean basis (H2) over the two years by the following 






. Genetic correlations were calculated by using a multivariate mixed model 
approach with the NAM R package (Xavier et al., 2015). A response matrix containing all of the 






GWAS analyses of PLSR traits in the SoyNAM population 
EBLUP genotypic values were used in genome wide associations to make marker trait 
associations (MTA). The MTAs were identified as random effects that were dependent on family 
background. The model used: 
𝑣𝑣 = 𝜇𝜇 + 𝑊𝑊𝑊𝑊 + 𝜙𝜙 + 𝜀𝜀, 
𝑊𝑊 ~ 𝑁𝑁(0, 𝐼𝐼𝜎𝜎𝛼𝛼2), 
𝜙𝜙 ~ 𝑁𝑁�0,𝐾𝐾𝜎𝜎𝜙𝜙2�, 
𝜀𝜀 ~ 𝑁𝑁(0, 𝐼𝐼𝜎𝜎𝜀𝜀2), 
𝐶𝐶𝐶𝐶𝑣𝑣(𝜙𝜙, 𝜀𝜀) 
Estimates of model parameters were obtained via the NAM R package (Xavier et al. 
2015) using an empirical Bayes algorithm. 𝒗𝒗 was the genotypic values, the EBLUPs, from model 
2. 𝝓𝝓 was the polygenic term accounted for the genetic structure among entries through the 
genomic matrix, K. W, the family term, has the potential for a unique estimated effect of an 
allele substitution. 𝜶𝜶, the predicted value for allelic substitution, was interpreted as an estimate of 
marker substitution from each of the founder lines. There were potentially 40 unique allelic 
substitution effects relative to the background (𝜙𝜙) for each marker loci. The polygene was 
estimated with the genomic relationship K that captured the additive relationship among 
individuals, which accounts for the population structure. All of the genetic information for the 
RILs and founders was accessed from the SoyNAM R package (Xavier et al., 2019). The 
genotypic data had already been controlled for quality, but additional quality processing was 
conducted. RILs missing more than 50% of markers were subset from the dataset. Markers 
missing in greater than 80% of the remaining RILs were removed from the mapping dataset. 
Additional quality control and imputation of missing markers was performed using the snpQC 
function in the NAM R package. Minor allele frequencies <0.05 and uninformative markers were 
also removed in this step of the analysis resulting in a final marker dataset of 4308. Unlike the 
methods outlined in Diers et al. (2018), no linkage window was used to reduce the effect of 
tightly linked markers and the significance threshold was determined based on the conservative 
Bonferroni correction of α = 0.05. MTAs were considered significant if –log10 (P value) ≥ 4.94. 
The gwas2 function from the NAM package was used to perform the GWAS for all modeled 
traits in the SoyNAM population. The SNP with the largest P value on a given chromosome was 
used to discover potential candidate genes from SoyBase (Grant et al., 2010). SNPs that fell 
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within a gene were reported as such. For SNPs that did not fall within a gene, the closest gene 
was reported. Additional significant SNPs were not listed. 
Results 
PLSR modelling  
Multiple traits were able to be predicted accurately from PLSR models which used the full range 
(500 – 2400 nm) of proximal leaf reflectance data (Figure 4.1, Table 4.1). The population used to 
build the models showed different leaf reflectance signatures that appeared to vary with the 
measured phenotypes (Figure 4.1). The number of latent variables (Factors) used in the final 
models range from four for Chl to 18 for Nperc (Table 4.1). The predictability of the different 
models varied when applied to the validation data (independent data that was withheld from the 
model calibration data). The best performing model was SLA (R2 = 0.96) while Jmax25 was 
poorest (R2 = 0.56) of the retained PLSR models. Figure 4.2 shows the predictive ability of the 
PLSR models (for all other model builds, see Supplemental Figure 1). PLSR models of leaf 
protein content, leaf sucrose content, total leaf non-structural carbohydrate content, and leaf 
temperature were determined ineffective based on the above model diagnostics and not used for 
genetic mapping.  
 
Variation in Jmax25 and Vc,max25 in the SoyNAM population 
The PLSR models were applied to the reflectance measurements collected on the SoyNAM 
population (Supplemental Files 1 and 2). Distributions of Jmax25 and Vc,max25 EBLUPs by NAM 
family across both growing season showed some variation in both traits (Figures 4.3 and 4.4). 
The total range across the SoyNAM population was ± 6 µmol CO2 m-2 s-1 for Vc,max25 and ± 15 
µmol e m-2 s-1 for Jmax25. The family NAM12 with LD02-4485 as the founder parent had the 
highest Jmax25 and Vc,max25 values of the founder lines and the highest median value across all of 
the NAM families based on the boxplots in Figures 4.3 and 4.4. Seven founder lines had greater 
Jmax25 values than the IA3023, the common parent. These founders included all the three 
background groups: Elite, Diverse Ancestry, and PI. Additional NAM families that high median 
values or large variance for Jmax25 among the RILs were NAM23, NAM37, NAM42, and 
NAM48 (Figure 4.3). There were eleven founders that had a greater Vc,max25 than IA3023 with six 
in the Elite group, five in Diverse Ancestry, and only one from the PI group. NAM48 had 
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relatively higher median values for Vc,max25. For all other trait data, see Supplemental files 4.3 
and 4.4. 
 
Phenotypic and genetic correlations and trait heritability 
Phenotypic correlations for the modeled traits showed significant Pearson correlations (P values 
<.01) (Figure 4.5), but some with low coefficients of determinations (R2). Yield had low R2 
values for all of the modeled traits with the strongest correlation with Chl (R2 = 0.25). Vc,max25, 
Jmax25, and Chl all had moderate R2 values (0.49 – 0.52). The strongest relationship between any 
two traits was Jmax25 and SLA (R2 = -0.88). The genetic correlations, how these traits are 
inherited together or possible pleiotropy between them, increased in comparison to the 
phenotypic correlations among these traits except for Vc,max25 (Table 4.3). The broad-sense 
heritability estimates on an entry mean basis were relatively low for most leaf-level traits (Table 
4.2). Heritability estimates ranged from a low of 0.253 for Vc,max25 and a high of 0.407 for Chl. 
The broad-sense heritability based on marker data (H2g) of these traits also increased relative to 
the broad-sense heritability estimates (Table 4.3). 
 
Marker trait associations for photosynthetic traits in soybean 
The GWAS identified at least one significant marker trait association (MTA) for all six of the 
PLSR traits and yield (Table 4.4). The reported MTA were reported as the most significant SNP 
on a chromosome for a given trait. Three of the 11 unique SNPs identified were the most 
significant markers for multiple traits. Notably, a marker on chromosome 10 (37765877bp) was 
significant for Yield, Cperc, Jmax25, Nperc, and SLA. Yield and Cperc also shared a marker on 
chromosome 18 (1685024bp). Five MTAs were reported for yield, one was reported for Vc,max25, 
and three MTAs were reported for Jmax25 with a highly significant marker on chromosome 10 (-
log10 P > 60) (Figure 4.6). Only one MTA was shown for Vcmax25 on chromosome 19; however, 
there was a second MTA on long arm of chromosome 19, but this MTA was not reported here. 
There was also a second MTA on chromosome 15 for Yield. Seven of the 11 markers fell within 
an annotated gene (Table 4.4). Unreported MTAs for traits not discussed here are reported in 




Improving photosynthesis is often proposed as a next step towards improving yield to meet the 
growing demands for feed, food, and fuel (Zhu et al., 2010; Ort et al., 2015). However, 
photosynthesis is a trait that has evolved over billions of years, likely has been optimized based 
on the environment in which it evolved, is difficult to measure at large scales, and has shown 
little improvement over cycles of breeding US soybean cultivars (Koester et al., 2016; Niinemets 
et al., 2017). The domestication bottleneck, especially within US soybean germplasm, has 
narrowed available genetic diversity for selection (Sedivy et al., 2017). Greater understanding of 
the variation and genetic underpinnings of two of the major rate limiting steps of photosynthesis, 
Vcmax and Jmax, and related leaf traits like the ones discussed in this chapter are needed to improve 
these traits. The utilization of large, next-generation mapping panels like the SoyNAM 
population, which included not only elite US germplasm, but also varieties of unique ancestry 
and plant introductions that showed high yield under drought, aids in the ability to detect 
significant genomic regions and novel alleles related to these traits (Diers et al., 2018). The 
development of the high-throughput phenotyping methods presented here paired with the 
SoyNAM population provided a unique opportunity to quantify and map the natural variation of 
photosynthetic traits in soybean, and potentially incorporate these traits into elite germplasm 
(Flood et al., 2011; Fernandez et al., 2015; Ortiz et al., 2017; Faralli and Lawson, 2020). 
To date, there has been little research investigating large numbers of different soybean 
accessions for photosynthetic variation (Betzelberger et al., 2010; Gilbert et al., 2011; Koester et 
al., 2016; Soleh et al., 2017; Tomeo and Rosenthal, 2017; Wang et al., 2020). These studies 
measured a minimum of 10 and generally no more than 40 different cultivars of soybean 
showing intraspecific variation for gas exchange measurements, net photosynthesis (A) and 
stomatal conductance (gs), water use efficiency (A/gs), mesophyll conductance (gm) as well as a 
number of the modeled traits outlined in this chapter including SLA and chlorophyll content. 
Only Koester et al. (2016) performed A/Ci curves to estimate Vc,max and Jmax. They showed small 
positive correlations with Vc,max and Jmax and year of release of the measured cultivars at different 
points during two of the three the growing seasons of the experiment; however, there were 
reported differences up to 100 µmol CO2 m-2 s-1 and 100 µmol e m-2 s-1 for Vc,max and Jmax across 
the cultivars measured. Because of the mixed linear models utilized to estimate trait values 
(EBLUPs) and the temperature normalization of the data presented in this chapter, the ranges 
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reported for both traits are dramatically less (Figures 4.3 and 4.4). Both Soleh et al. (2017) and 
Wang et al. (2020) measured photosynthetic traits in the NAM founder lines and observed 
significant variation in differences in the photosynthetic induction, the likely activation of 
Rubisco, in the SoyNAM founder lines. Additionally, two of the same NAM founders identified 
in these experiments matched NAM families showing elevated PLSR modeled estimates of 
Vc,max25 (NAM12) and Jmax25 (NAM12 and NAM 23) (Figures 4.3 and 4.4). The agreement 
between these experiments and the results of modeled traits presented in this chapter provides 
additional confidence that the models developed to estimate these traits are robust.  
The most ambitious attempt to map photosynthesis related traits in soybean to date used a 
subset of 383 recombinant inbred lines (RILs) and founder lines from the SoyNAM population 
(Lopez et al., 2019). This experiment focused on instantaneous measurements of A and gs. No 
significant MTAs were identified in the current research project that co-located to intervals 
identified in Lopez et al. (2019) (Table 4.4). The traits mapped between the two studies are 
related but different, so this is not unexpected. The MTAs identified in both studies provide a 
better understanding of the genetic controls of photosynthesis, multiple targets for improving 
photosynthesis traits, and opportunities for future analyses in soybean. Both studies also show 
little phenotypic correlation between the measured photosynthesis traits and final yield, but both 
show stronger genetic correlations between these traits, which suggests that there is a shared 
genetic component (Table 4.3). Because of the genetic correlations between yield and 
photosynthetic traits, multiple trait selection and improvement is possible for these traits 
(Neyhart et al., 2019). The heritability of these traits in both studies are considered moderate to 
low, but this is not wholly surprising (Holland et al., 2010) (Tables 4.2 and 4.3). Photosynthetic 
traits are complex, polygenic traits and strongly influenced by changes in the phenology of the 
plant and the environment including air temperature, light, and water availability (Bernacchi et 
al., 2013).  
A strong positive phenotypic correlation was identified in this chapter between SLA and 
Jmax25. This finding corresponds with the leaf economic spectrum, which describes the global 
relationship between leaf nitrogen, leaf thickness (SLA), and photosynthesis highlighting the 
ability of the PLSR models to accurately estimate established trait relationships (Wright et al., 
2004). The negative relationship between Jmax25 and Nperc was not an expected result, but may 
have been driven by leaf nitrogen content being estimated on a leaf mass basis instead of a leaf 
82 
 
area basis (Lloyd et al., 2013). Additionally, a disconcerting negative genetic correlation (-0.51, 
Table 4.3) was reported between Jmax25 and yield. This result implies that selecting for increases 
in Jmax25 may negatively impact yield because they are closely linked and may be driven by the 
diverse germplasm incorporated in the SoyNAM population. This linkage may be broken 
through selective breeding. A more troubling interpretation of this result may be that there is an 
antagonistic pleiotropic effect where a gene (or some genes) are acting on both traits, but in 
opposite directions. The negative correlation between Jmax25 and yield may have also been 
influenced by the PI founders. Some of these families appeared to have higher values for Jmax25, 
but some of the lower yields across the SoyNAM population. Regardless of the cause, this result 
is counter to a modeling study performed by Wu et al. (2019) that showed increases in Jmax25 led 
to subsequent increases in yield in wheat, another C3 crop. The same study suggested that 
increases in Vc,max25 resulted in little to no changes in wheat yield. We report a similar result 
showing that there was virtually no genetic correlation between Vc,max25 and yield (-0.03, Table 
4.3). Wu et al. (2019) showed yield enhancement paired with increases to Vc,max25 were 
contingent with increases in Jmax25 and other environmental variables. These results show that 
careful selection of the significant MTAs to advance is warranted, and that selection of both rate 
limiting steps of photosynthesis may ultimately provide the greatest windfall in yield gains. 
A significant MTA (-log10 P value > 4.94) for Vc,max25 was identified on chromosome 19 
(8296940bp). This MTA fell within an annotated gene (Glyma.19g051000) (Table 4.3). The 
Arabidopsis annotation for this gene is a GDL-like Lipase/Acylhydrolase superfamily protein 
(Table 4.4). This protein family is generally discussed as a member of the triacylglycerol 
degradation pathway (TAG) associated with the breakdown of seed storage lipids as a source of 
carbon and energy until the photosynthetic machinery is functioning at a sufficient level to 
sustain the plant (Xu and Shanklin, 2016; Fan et al., 2017). The role of TAG in the leaf is less 
understood, but it has been linked with intracellular homeostasis and tolerance against abiotic 
stress (namely extended periods of dark) and biotic stressors. While there is no known 
association with Vc,max25 for this gene, the ability to maintain membrane lipids like those that are 
critical for the thylakoid membrane may be part of the reason for the significant MTA. There 
was highly significant MTA for Jmax25. This MTA was found on chromosome 10 (44630777bp) 
and was also significant for Cperc, Nperc, SLA, and Yield (Table 3.3). This significant MTA 
was close to an MTA identified in Diers et al. (2018) for yield and a number of other agronomic 
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traits measured in that study, which they attributed to the cloned maturity gene E2 . This MTA 
fell within the gene Glyma.10g214000, annotated as ureidoglycolate hydrolases (Table 3.4). 
There are two gene models associate with Glyma.10g214000. The ureidoglycolate hydrolases are 
part of a pathway that degrades uric acid to ultimately produce glyoxylate, and part of nitrogen 
assimilation from root nodules to the shoot (Todd et al., 2006; Werner et al., 2013). Nitrogen 
availability is an important resource for all plant components, especially chlorophyll. Limited 
nitrogen results in chlorosis, leaf yellowing, from insufficient chlorophyll production. This 
phenotype is more profound in legumes under drought conditions (Werner et al., 2013). Because 
of the selfing nature of soybeans, the extended linkage disequilibrium associated with both 
domesticated and wild soybeans, and the relatively small number of SNPs used in this analysis 
relative to a more common GWAS (Chung et al., 2014; Xavier et al., 2016), the specific genes 
associated with the MTAs identified for these PLSR traits should be viewed as putative targets 
for further study.   
Previous efforts have shown the ability to model leaf traits using hyperspectral 
reflectance measurements and PLSR techniques in trees (Serbin et al., 2012; 2014) and crops 
(Yendrek et al., 2017b; Meacham-Hensold et al., 2019), including soybean (Ainsworth et al., 
2014). Species-specific discrepancies in the transferability of previous PLSR models of 
hyperspectral reflectance data have been reported in the literature (Heckmann et al., 2017; Silva-
Perez et al., 2018). The structural variation in leaves and the annual growth habit between 
different crop species and trees may lead to substantial differences in resource allocation (Reich 
et al., 1997; Reich et al., 1999; Wright et al., 2004; Poorter et al., 2012), thus complicating cross-
species prediction of photosynthetic and leaf structural traits from a single reflectance model 
(Heckmann et al., 2017). The soybean specific models constructed in this study attempted to 
ensure cross-applicability to diverse soybean genotypes and to multiple environments by 
incorporating substantial genotypic and phenotypic variation in the training data. Measurements 
were therefore made over several growing seasons with many samples in the calibration of the 
traits. I also limited the number of latent variables selected in the PLSR models to accurately 
predict traits to avoid over-parameterization (Heckmann et al., 2017). 
The strength of the PLSR models are likely determined by the trait being estimated. 
Those traits that have a direct relationship with or a known reflectance (or absorbance = 1 – 
transmittance + reflectance) spectra generally performed better than Vcmax25 and Jmax25 (Table 
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4.1). The better performance of certain models (SLA, Cperc, Nperc, and Chl) over others is not 
surprising and reported in the literature using this technique (Dechant et al., 2017; Heckmann et 
al., 2017). There are limitations to spectroscopy based modelling, most notably, the trait of 
interest needs to have a signal in the range of the wavebands between used (Sandak et al., 2016). 
The signal is dependent on the physical and chemical properties of the material considered. SLA 
is a direct measure of mass per unit leaf area, so reflectance spectroscopy is an ideal method to 
quickly estimate this trait because the physical components of the leaf are directly affecting the 
reflectance spectrum. Estimates of the rate limiting steps of photosynthesis is more derivative 
making the ability to use reflectance spectroscopy more challenging. However, the capacities of 
these photosynthetic traits likely have specific physical and chemical reflectance signatures that 
are captured by spectroscopy, be that differences in Rubisco content or the activation state of 
Rubisco for Vc,max25 or chlorophyll content and membrane stability to drive RuBP regeneration 
for Jmax25 (Bernacchi et al., 2013), which underlie the ability to accurately predict these traits. 
The PLSR models not included for failing to meet our standards for this chapter are peculiar. 
Estimates of leaf temperature, leaf sucrose, total leaf non-structural carbohydrates, and leaf 
protein content had relatively low R2 values (Supplemental Figure 1). All of these traits are 
regularly analyzed by spectroscopic methods in different applications from infrared 
thermometers to protein analyses for grain quality parameters (Pazdernik et al., 1997), and 
estimates of soluble carbohydrates in wheat (Dreccer et al., 2014). The variation of the trait space 
for these failed models may be limited for the population used to build the models or the signal 
from specific regions of the reflectance spectrum may be saturating the signature of these traits 
(Sandak et al., 2016). The latter issue is unlikely given multiple models were run with varying 
subsets of wavelengths (results not presented). 
Conclusion 
The development of a robust and high-throughput method to estimate the rate limiting steps of 
photosynthesis and related traits in diverse populations is a critical first step to discover novel 
marker trait associations that may be used to improve soybean photosynthesis in the future. We 
produced hyperspectral leaf reflectance models in order to estimate the rate limiting steps of 
photosynthesis along with other important leaf traits in a high-throughput manner. We then 




FIGURES AND TABLES 
Figure 4.1. Reflectance spectra (500 – 2400nm) shown from all of the leaves collected in the 
model calibration and validation data sets. Variation in reflectance spectra is observed across all 
regions of the full spectrum (visible 500-700nm, near- and shortwave-infrared 700-2400nm). 
Individual curves were colored by the corresponding Vcmax (µmol CO2 m-2 s-1) (top) and Jmax 
(µmol e m-2 s-1) (bottom) estimated by fitting A/Ci curves and normalized to 25°C. Warmer 




Figure 4.2. PLSR model validations of Vc,max25 (A), Jmax25 (B), Chl (C), percent leaf carbon content (D), percent leaf nitrogen content 
(E), and specific leaf area (F). Red diamonds represent the data used in the calibration model. Light gray points represent validation 
data predicted by the PLSR model with error bars representing the jack-knife confidence intervals of the predicted value. The y-axes 
represent measured values derived from ACi curves and the x-axes show the PLSR model predicted values. The dashed line is 1:1, the 
regression line is solid gray, 95% confidence intervals for the observed values are gray curves, and the 95% confidence intervals for 
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Figure 4.3. Boxplots of EBLUP Jmax25 for the SoyNAM families. Elite families (orange), Diverse ancestry families (gray), and PI 
families are presented. The value for the common parent (IA3023) is shown in purple upward triangles. The founder parents for a 







Figure 4.4. Boxplots of EBLUP Vcmax25 for the SoyNAM families. Elite families (orange), Diverse ancestry families (gray), and PI 
families are presented. The value for the common parent (IA3023) is shown in purple upward triangles. The founder parents for a 





Figure 4.5. Scatterplots of EBLUPs for yield and modeled PLSR traits are shown in the lower 
diagonal. The upper diagonal shows the coefficient of determination (R2) and Pearson correlation 
coefficients (p) for phenotypic correlations. Orange, gray, and blue dots represent RILs from 










Figure 4.6. Manhattan plots across the 20 chromosomes of soybean: Yield (top), Vc,max25 
(middle), and Jmax25 (bottom). The gray line indicates the Bonferroni corrected threshold to 
determine significance (–log10 P > 4.94). Filled dots represent non-significant markers, and open 










Table 4.1. Summary of PLSR model builds for the traits used to perform the GWAS analyses. Presented data includes the number of 
latent factors used in the final model build (Factors), the number of observations that were used to build the model (Cal N), the 
number of observations that were used to validated the model (Val N), the range of wavebands used for the final model build in 
nanometers (Waveband (nm)), the coefficient of determination for the calibration model (Train R2), the coefficient of determination of 
the cross validation (CV R2), the root mean square error of the cross validation (RMSECV), the model bias from the cross validation 
(CV Bias), the coefficient of determination of the validation data (Val R2), the root mean square error of the validation data (RMSE), 










R2 CV R2 RMSECV CV Bias Val R2 RMSE Val Bias 
Chl 4 288 74 500 - 2400 0.82 0.81 0.04 0 0.72 0.04 0.002 
Cperc 11 487 126 500 - 2400 0.9 0.89 0.54 -0.0019 0.9 0.58 -0.1119 
Jmax25 10 248 64 500 - 2400 0.77 0.73 16.86 0.0383 0.56 25.32 -1.7283 
Nperc 18 479 124 500 - 2400 0.87 0.85 0.25 -5.00E-04 0.77 0.35 -0.0455 
SLA 12 300 78 500 - 2400 0.96 0.95 15.17 0.1546 0.96 15.48 -0.7754 
Vc,max25 12 274 70 500 - 2400 0.67 0.59 13.52 -0.0162 0.74 12.34 -2.3838 
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Table 4.2. The genetic variance (σg2) of the entry (RILs), the model error variance (σε2), and the 






 for the EBLUPs of 
reflectance traits and yield in the SoyNAM population. 
 
Trait σg2 σε2 H2 
Chl 1.492E-04 4.347E-04 0.407 
Cperc 0.0214 0.0905 0.321 
Jmax25 37.93 116.16 0.395 
Nperc 0.0133 0.057 0.320 
SLA 269.2 941 0.364 
Vc,max25 7.628 45.035 0.253 

































Table 4.3. Pairwise genetic correlations for a subset of modeled traits as well was the broad-
sense heritability based on marker data (H2g) are shown. Genetic correlations between 
photosynthetic traits and yield are bolded. 
 
 Chl Cperc Jmax25 Nperc SLA Vc,max25 H2g 
Chl       0.29 
Cperc 0.34      0.38 
Jmax25 0.34 -0.68     0.46 
Nperc 0.32 0.78 -0.58    0.33 
SLA -0.31 0.70 -0.97 0.66   0.40 
Vc,max25 0.31 -0.33 0.41 0.03 -0.43  0.20 























Table 4.4. Most significant marker trait association descriptions showing if the marker is in a gene, the soybean gene ID or the closest 
gene if the marker does not fall within a gene, the Arabidopsis annotation, and trait/s mapped to the given marker. Gene ID is given as 
the gene models as presented in Glyma.Wm82.a2.v1. 
 
Marker In Gene Gene ID Arabidopsis Annotations Trait 
Gm10_44189871_C_A  yes Glyma.10g209900 HXXXD-type acyl-transferase family protein Chl 





Gm13_37765877_T_C no Glyma.13g276100 VQ motif-containing protein Chl 
Cperc 
Nperc 
Gm13_41389964_C_T  yes Glyma.13g319500 histone deacetylase 2C Jmax25 
Gm15_48022966_G_T  no Glyma.15g252100 gibberellin 2-oxidase Yield 
Gm16_32300476_T_C  yes Glyma.16g164000 F-box and associated interaction domains-containing 
protein 
Yield 
Gm17_3661247_C_T  no Glyma.17g048300 Protein of unknown function (DUF1677) Chl 
Gm18_1685024_A_G yes Glyma.18g023200 Protein of unknown function (DUF399 and DUF3411) Cperc 
Yield 
Gm18_60309238_C_T  no Glyma.18g302300 Microtubule associated protein (MAP65/ASE1) family 
protein 
Jmax25 
Gm19_12002408_C_A yes Glyma.19g060500 D6 protein kinase like 2 Yield 
Gm19_8296940_C_T yes Glyma.19g051000 GDSL-like Lipase/Acylhydrolase superfamily protein Vc,max25 
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CHAPTER 5: CONCLUDING REMARKS 
In order to meet the agricultural demands of a growing world population, new targets will need 
to be incorporated into breeding programs to ensure yields continue to increase. This is 
especially true in light of the negative effects on our current production systems because of 
global climate change (FAO, 2019).  These targets should include traits like O3 tolerance and 
improved photosynthesis (Ainsworth, 2017; Faralli and Lawson, 2020). Better understanding of 
the mechanisms and genetic variation of O3 tolerance that is present in our current germplasm is 
a necessary first step to develop resiliency in our major cropping systems to this abiotic threat. 
Similarly, intraspecific variation in photosynthetic capacity currently exists in many of our staple 
agronomic crops. The inability to manageably phenotype the natural variation for photosynthetic 
traits on large scales has limited the direct selection for these traits in current breeding programs. 
There were two main motivations of this thesis. The first was to gain a better understanding of 
how O3 negatively affects maize and soybean and to genetically map traits related to O3 
tolerance. The second was to develop a high-throughput method to estimate photosynthetic traits 
in soybean and to map these traits in large mapping populations. 
 Chapter 2 investigated the effect of elevated O3 concentrations on two well-researched 
maize inbred lines and mapped a number of agronomic and leaf physiological traits in two near-
isogenic line populations. Ozone negatively affected both inbred lines, but the amount of damage 
for the traits measured varied between the two inbred lines. Elevated O3 appeared to cause 
greater reductions in key leaf traits (chlorophyll, leaf nitrogen content, and Vmax) and asynchrony 
in flowering time in the sensitive inbred, Mo17. Quantitative trait loci (QTL) were then mapped 
in the two near-isogenic line populations grown under elevated O3 concentrations to identify 
specific genomic regions in maize. Many QTL were discovered, some of which were consistent 
over both years of study and in ambient and elevated [O3]. Other QTL were treatment specific, 
and could be further investigated as a means to enhance O3 tolerance. Chapter 2 provided a list of 
O3 specific traits to monitor in maize, numerous QTL to be selected in other inbred breeding 
programs, and an introgression library for tolerant and sensitive maize inbred lines for additional 
fine mapping and candidate gene studies. 
 Chapter 3 identified QTL in a soybean recombinant inbred line population that showed 
variation in sensitivity to elevated [O3]. Elevated O3 decreased many agronomic traits including 
yield, 100 seed weight, and plant height. The reproductive phenology of the RIL population was 
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also significantly altered by elevated O3, which was observed by the shortening of the 
reproductive and grain fill periods, and earlier final development. Many QTL were identified 
across all treatments and years, while other QTL were only significant in a specific year or 
treatment. While elevated O3 had a negative effect on the measured traits in each year of the 
experiment, differences in growing seasons appeared to influence how significant the O3 
treatment altered physiological, developmental and agronomic traits. This was most noticeably 
observed in 2012, a year with substantial water limitation throughout most of the Midwest 
(Mallya et al., 2013), which may have changed the effective O3 flux into the leaves. This chapter 
provided a better understanding of how soybeans respond to elevated O3, identified QTL 
associated with O3 tolerance, and provided a list of potential genotypes that maintained high 
yields under elevated O3 concentrations.  
 Chapter 4 developed a high-throughput phenotyping method using rapidly collected leaf 
reflectance data to predict important leaf traits and rate limiting steps of photosynthesis in 
soybean. The models were then applied to the Soybean Nested Association Mapping population 
to discover significant marker trait associations (MTA) for photosynthetic, biochemical and 
structural traits. MTAs were identified for all of the traits modeled from leaf reflectance. The 
development of these models should allow for photosynthetic traits to be more widely measured 
in the vast soybean germplasm maintained by the United States Department of Agriculture and 
potentially directly selected for in breeding programs.  
 The overall goal of this thesis was to identify genomic regions associated with often 
overlooked traits in current breeding programs, specifically O3 tolerance and photosynthesis-
related traits. It is understandable that these traits have received little attention by the plant 
breeding community to date. Screening for O3 tolerance requires expensive equipment to impose 
treatments and is usually space-limited, which reduces the number of lines or accessions that can 
be studied. The utilization of a Free Air Concentration Enrichment (FACE) facility allowed for 
screening O3 response in up to 200 recombinant inbred lines of soybean and 100 near-isogenic 
lines of maize with replication in a growing season. FACE also enabled plants to be grown to 
final maturity for the genetic mapping of O3 tolerance. Performing large surveys for the rate 
limiting steps of photosynthesis of any sizeable plant population is also quite expensive and very 
time consuming using current best practices. The process of estimating Vc,max and Jmax requires 
the use of a gas exchange system and performing a CO2 response curve, which takes 
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approximately 30 minutes per leaf. This process is not feasible at scale; however, the 
development of predictive models for Vc,max and Jmax based on rapidly collected leaf reflectance 
data allowed for measurement of the entire Soybean Nested Association Mapping population 
containing more than 5,000 lines in roughly two weeks. 
 The identification of QTL presented in Chapters 2 and 3 are an important first step to 
understand the genetic underpinnings of O3 tolerance, but as with all traditional biparental 
linkage mapping studies, there are some limitations to the technique. The ability to detect QTL 
from linkage mapping studies rely on substantial genetic and phenotypic differences between the 
two parental lines for the trait of interest, which is inherently limited with only two lines, 
recombination in the progeny, and the size of the mapping population (Beavis, 1994). The QTL 
identified in linkage mapping studies often result in large chromosomal regions making 
assumptions about causative genes little more than conjecture. The experiments discussed in 
Chapters 2 and 3 were not spared from the realities of linkage mapping. The methods to identify 
QTL were slightly different because of the populations used, but both projects were likely 
restricted by the interaction of O3 with other environmental factors in the multi-year studies. 
While O3 consistently had a negative effect in both experiments, the extent to which the negative 
effect of O3 was observed varied among years. This resulted in differences in the effect size and 
direction of the identified QTL, but it allowed for a better understanding of how the environment 
interacts with these QTL. The relatively small size of the mapping populations used in both 
experiments limited the number of recombinations among the progeny and resulted in some large 
confidence intervals for certain QTL. These QTL provide targets that will inevitably require 
additional research, be that additional linkage mapping studies, genome-wide association studies, 
or fine-mapping, to elucidate the causative genes or provide a narrow range of markers that can 
be used to select for the variation in O3 response reported in this thesis. Similarly, the marker 
trait associations (MTA) identified in Chapter 4 for the rate limiting steps of photosynthesis and 
other leaf traits will undoubtedly require additional research to better understand the significance 
of these results. The goal of nested association mapping (NAM) is to take advantage of the 
power of linkage mapping and the greater mapping resolution of a genome-wide association 
study (Diers et al., 2018). Applying the leaf reflectance based models to the SoyNAM population 
allowed for the identification of novel alleles for underutilized traits from current high-yielding 
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and diverse germplasm, but understanding how these alleles may effect yield, the ultimate grand 
































APPENDIX A: SUPPLEMENTAL FILES 
I. Supplemental Files for Chapter 2 
Supplemental File 2.1. Tables showing least-squares mean values for all NILs and parent lines in 
2016 and 2017 under both the ambient and elevated ozone treatment. 
 
Supplemental File 2.2. Contrast LSmeans for the NILs and parent lines in 2016 and 2017 
II. Supplemental Files for Chapter 3 
Supplemental File 3.1. Reported data in BLUPs for each year and treatment used for all figures 
and mapping QTL. 
 
Supplemental File 3.2. Adapted GBS library preparation for the RIL library based on the 
protocol by Elshire et al. (2011). 
 
Supplemental File 3.3. All QTL identified in this chapter separated by QTL mapping method, 
FQP, ICIM-ADD, QTLxE, and a list of QTL that were O3 specific and identified by both the 
FQP and ICIM-ADD methods.   
 
III. Supplemental Files for Chapter 4 
Supplemental File 4.1. PLSR model coefficients for all traits 
Supplemental File 4.2. Modeled PLSR data for the SoyNAM population 
Supplemental File 4.3. EBLUPS for yield in the SoyNAM population 
Supplemental File 4.4. EBLUPs for PLSR modeled traits in the SoyNAM population 
Supplemental File 4.5. Manhattan plots and most significant marker traits associations on a given 
chromosome for PLSR modeled traits that were not discussed in Chapter 4. 
 
IV. Supplemental File for Abbreviations 
Supplemental File Abbreviations. A list of abbreviations and definitions for terms used 









APPENDIX B: SUPPLEMENTAL FIGURES AND TABLES FOR CHAPTER 2 
Supplemental Figure 2.1. Additional traits measured for B73 and Mo17 inbred maize lines 
when grown under ambient and elevated O3 treatments in 2014. Dots represent LSmeans values 
for a given line and error bars reflect the standard errors (N = 4). Blue dots are the ambient O3 
treatment and orange dots are the elevated O3 treatment. Model P values are in the top right 















Supplemental Figure 2.2. Trait comparisons across both the B73-like and the Mo17-like NIL 
populations in 2016 and 2017 under the ambient and elevated O3 treatments. Black represents the 
LSmeans for B73-like NILs, and gray are the LSmeans for the Mo17-like NILs. Open dots are 
the ambient O3 treatment while closed dots are LSmeans from the elevated O3 treatment. The 
diagonal line represents the 1:1 line. Units for traits that do not have units in the subpanel title 
are the following: Ci:Ca (ratio of [CO2] in the intercellular airspace of the leaf to the atmosphere), 







Supplemental Figure 2.3. “Final” QTL for traits identified using Szalma method in a given environment (year and treatment combination). The ten 
chromosomes for maize are shown. Significant QTL for the B73-like population are on the left-hand side of a given chromosome at the approximate 
location. Similarly, Mo17-like QTL are on the right-hand side of a given chromosome. Marker names demark the location of the QTL identified in 
the RSTEP-LRT analyses. Black lines indicate the marker position and the black point represents the centromere for a chromosome. The distance is 
reported in Mb along the y-axis. Gas exchange related traits are shown in purple hues. Development traits are in shades of blue. Leaf traits are in 
green hues except for SLA, which is light orange. Yield is shown in orange. Squares represent a QTL in the ambient treatment in 2016, circles 
represent the elevated O3 treatment in 2016, triangles represent the ambient treatment in 2017, and diamonds are the elevated O3 treatment in 2017. 




Supplemental Figure 2.4. “Probable” QTL for traits identified using Szalma method in a given environment (year and treatment combination). The 
ten chromosomes for maize are shown. Significant QTL for the B73-like population are on the left-hand side of a given chromosome at the 
approximate location. Similarly, Mo17-like QTL are on the right-hand side of a given chromosome. Marker names demark the location of the QTL 
identified in the RSTEP-LRT analyses. Black lines indicate the marker position and the black point represents the centromere for a chromosome. The 
distance is reported in Mb along the y-axis. Gas exchange related traits are shown in purple hues. Development traits are in shades of blue. Leaf traits 
are in green hues except for SLA, which is light orange. Yield is shown in orange. Squares represent a QTL in the ambient treatment in 2016, circles 
represent the elevated O3 treatment in 2016, triangles represent the ambient treatment in 2017, and diamonds are the elevated O3 treatment in 2017. 




Supplemental Figure 2.5. Density distributions for the measured phenotypes under the ambient and elevated O3 treatments in 2016 (left) and 2017 
(right). Orange represents the Mo17-like NIL population and blue represents the B73-like NIL population. The vertical lines represent the parental 
means with the same color convention. The hashed fill and line represent the ambient treatment, and the solid fill and line represent the elevated O3 
treatment. Trait means are listed on the x-axes. Traits and units are shown above a respective subpanel. Units for traits that do not have units in the 
subpanel title are the following: Ci:Ca (ratio of [CO2] in the intercellular airspace of the leaf to the atmosphere), gs (mmol m-2 s-1), A:gs (instantaneous 
water use efficiency, umol mol-1), and A (umol m-2 s-1). 
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Supplemental Figure 2.6. Trait correlations for the NIL populations under both treatment conditions in 2016 
and 2017. Black dots (upper diagonal) are the LSmean values of the B73-like NILs. Gray dots are the Mo17-
like LSmean values for the Mo17-like NILs. Reported values are the Pearson correlation coefficient (r) and P 
values. Non-significant trait correlations are presented with open dots. Filled dots represent significant 
correlations between traits (P ≤ .01). Traits with significant correlations also include a line of best fit in black. 





































Supplemental Figure 2.7. Weather data presented across the growing seasons over the four years of the 
experiment. The x-axis represents day of year (DOY). For any given year, two panels are presented. The top 
panel shows accumulated precipitation minus the potential evapotranspiration (P-PET) reported in mm 
calculated daily. The bottom panel presents daily maximum temperature (black line), minimum temperature 
(hashed line), and bar charts representing daily accumulated rainfall (blue bars). Asterisks represent days when 






Supplemental Figure 2.8. Allelic effects for QTL mapped using the RSTEP-LRT method. The distance is reported in Mb along the x-axis and the 
additive effect of the donor allele is on the y-axis. Gas exchange related traits are shown in purple hues. Development traits are in shades of blue. 
Leaf traits are in green hues except for SLA, which is light orange. Yield is shown in orange. QTL across all four treatment year combinations are 
shown with an asterisk, squares represent a QTL in the ambient treatment in 2016, circles represent the elevated O3 treatment in 2016, triangles 
represent the ambient treatment in 2017, and diamonds are the elevated O3 treatment in 2017. Open symbols represent the allelic effect of QTL in the 
B73-like NIL population, and filled symbols represent the Mo17-like population. 
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Supplemental Table 2.1. The Type I model results (P values) are reported for each of the reported traits in 2014 and 2015. The fixed 
treatment effect of elevated ozone is O3. The random effect of the genotype is Genotype. The random interaction effect between the 
O3 treatment and the Genotype is reported as O3 x Genotype. Significant values (P ≤ .05) are italicized. Empty cells indicate a trait not 
measured in 2015. 
   
 Year 2014 2015 
 Traits O3 Genotype O3 x Genotype O3 Genotype O3 x Genotype 
Development 
ASI (GDD) .046 <.001 .23 .45 <.001 .19 
Log Anthesis 
 
.72 <.001 .30 .83 <.001 .29 
Log Silking (Log(GDD)) .052 <.001 .050 .71 <.001 .95 
Leaf-level 
Physiology 
ORAC (nmol cm-2) .11 .44 .70    
SLA (mm2 mg-1) .24 <.001 .91 .56 <.001 .80 
CHLplsr (µg cm-2) <.001 <.001 .026 .004 <.001 .25 
Leaf Nitrogenplsr (%) <.001 .15 .23 .003 <.001 .92 
SLAplsr (mm2 mg-1) .21 <.001 .40 .58 <.001 1.00 
Sucroseplsr (µmol cm-2) .43 <.001 .80 <.001 <.001 .78 
Vmax,plsr (µmol m-2 s-1) <.001 .001 .048 .006 <.001 .90 
Plant 
Productivity 
Yield (g ear-1) .018 <.001 .10 .17 <.001 .28 
Leaf Length (cm) .13 <.001 .34    
Leaf Width (cm) .74 <.001 .61    
Ear Height (cm) .09 <.001 .001 .011 <.001 .55 
Height (cm) .75 <.001 .035 .015 <.001 .44 
Total Leaf Number 
 
.19 <.001 .69    
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Supplemental Table 2.2. P values for Type I tests of Fixed Effects are shown for all traits from 
both NIL populations in 2016 and 2017. Significant P values (<.05) are italicized. Empty cells 
for Log Anthesis indicate models that did not include the term (Anthesis, Silking, and ASI).  
2016       
Trait NIL population sub-block Treatment Genotype GxT Log Anthesis  
Yield B73 <.001 .083 <.001 .010 <.001 Mo17 .097 <.001 <.001 .139 <.001 
Anthesis B73 .036 .014 <.001 .599 
 
Mo17 .147 .407 <.001 .922  
Silking B73 .003 .013 <.001 .707 
 
Mo17 .728 .005 <.001 .938  
ASI B73 .376 .944 <.001 .804 
 
Mo17 .042 .011 <.001 .079  
A B73 .003 .002 <.001 .112 <.001 Mo17 <.001 <.001 <.001 .034 .634 
gs 
B73 .344 .011 <.001 .051 .005 
Mo17 .362 .009 <.001 .085 .001 
A:gs 
B73 .025 .510 <.001 .360 .615 
Mo17 .032 .422 <.001 .422 <.001 
Ci:Ca B73 .004 .459 <.001 .563 .333 Mo17 .008 .591 <.001 .345 <.001 
SLA B73 .979 .013 <.001 .077 <.001 Mo17 .061 .009 <.001 .397 <.001 
LeafNplsr 
B73 <.001 <.001 <.001 .830 <.001 
Mo17 <.001 <.001 <.001 .014 .479 
Chlplsr 
B73 <.001 <.001 <.001 .689 .258 
Mo17 <.001 <.001 <.001 <.001 .271 
Vmax,plsr 
B73 <.001 .021 <.001 .999 <.001 
















Supplemental Table 2.2 continued. 
2017       
Trait NIL population sub-block Treatment Genotype GxT Log Anthesis 
Yield B73 .111 .027 <.001 .496 <.001 Mo17 .034 <.001 <.001 .006 <.001 
Anthesis B73 .823 .285 <.001 .706 
 
Mo17 .008 <.001 <.001 .994  
Silking B73 .780 .251 <.001 .338 
 
Mo17 .073 .014 <.001 .933  
ASI B73 .966 .861 <.001 .847 
 
Mo17 .820 .197 <.001 .131  
A B73 .133 <.001 <.001 .011 <.001 Mo17 <.001 <.001 <.001 <.001 .607 
gs 
B73 .396 .420 <.001 .039 .534 
Mo17 .468 .364 <.001 .171 .464 
A:gs 
B73 .007 <.001 <.001 .139 <.001 
Mo17 <.001 <.001 <.001 .556 .150 
Ci:Ca B73 .004 <.001 <.001 .193 <.001 Mo17 <.001 <.001 <.001 .393 .112 
SLA B73 .253 .224 <.001 .088 <.001 Mo17 .010 .747 <.001 .264 <.001 
LeafNplsr 
B73 .552 .859 <.001 .026 .921 
Mo17 .044 .010 <.001 .002 .883 
Chlplsr 
B73 <.001 <.001 <.001 .056 <.001 
Mo17 <.001 <.001 <.001 <.001 .238 
Vmax,plsr 
B73 .076 .001 <.001 .179 .267 











Supplemental Table 2.3. Recurrent parent means and NIL population means as well as NIL population minimums and maximums in 2016 and 2017. 
Units are in parentheses below the trait name.   











(µmol m-2 s-1) 
gs 





Entry Amb Ele Amb Ele Amb Ele Amb Ele Amb Ele Amb Ele Amb Ele Amb Ele 
B73 74.61 67.45 7.22 7.24 7.24 7.25 -23.67 -13.05 26.45 24.39 0.23 0.22 117.46 114.35 0.48 0.50 
Mo17 21.42 20.84 7.23 7.23 7.32 7.33 -138.21 -144.54 26.16 24.05 0.22 0.21 119.93 118.44 0.48 0.48 
B73-like                 
Mean 61.83 60.52 7.23 7.24 7.25 7.26 -31.81 -32.97 23.77 21.85 0.22 0.20 118.09 119.18 0.48 0.48 
Min 35.10 33.25 7.16 7.15 7.20 7.20 -103.59 -106.43 13.10 13.47 0.10 0.10 64.10 70.66 0.35 0.36 
Max 94.88 85.17 7.30 7.32 7.30 7.32 12.29 12.95 30.64 33.62 0.43 0.36 162.91 156.87 0.69 0.64 
Mo17-like                 
Mean 38.40 33.22 7.22 7.22 7.31 7.31 -118.89 -126.25 25.42 24.17 0.23 0.21 116.87 118.81 0.49 0.48 
Min 10.38 6.91 7.17 7.17 7.22 7.21 -208.83 -191.06 19.17 17.30 0.16 0.14 91.28 73.50 0.41 0.38 










(µmol m-2 s-1) 
Entry Amb Ele Amb Ele Amb Ele Amb Ele 
B73 195.38 197.45 3.84 3.78 30.34 28.60 37.85 37.39 
Mo17 208.26 212.64 3.68 3.55 25.29 23.44 35.43 33.92 
B73-like         
Mean 196.83 199.51 3.92 3.84 30.87 29.83 38.68 37.70 
Min 180.68 182.35 3.51 3.46 28.62 23.61 35.24 30.77 
Max 215.20 216.52 4.37 4.30 33.94 33.86 44.62 42.59 
Mo17-like         
Mean 212.66 215.73 3.69 3.58 26.22 23.62 35.86 33.17 
Min 186.13 198.38 3.40 3.12 21.35 13.86 30.07 15.29 










Supplemental Table 2.3 continued. 











(µmol m-2 s-1) 
gs 





Entry Amb Ele Amb Ele Amb Ele Amb Ele Amb Ele Amb Ele Amb Ele Amb Ele 
B73 100.88 103.56 7.31 7.31 7.34 7.34 -39.85 -42.88 25.17 24.12 0.23 0.24 113.23 103.01 0.50 0.54 
Mo17 73.76 66.61 7.30 7.29 7.37 7.37 -115.92 -130.96 24.87 23.41 0.23 0.23 111.08 103.21 0.51 0.54 
B73-like                 
Mean 101.59 96.95 7.31 7.31 7.34 7.34 -46.08 -44.57 23.03 21.70 0.22 0.22 112.60 105.14 0.49 0.53 
Min 78.26 68.70 7.26 7.25 7.30 7.29 -97.31 -92.31 14.14 10.16 0.09 0.11 66.64 72.75 0.37 0.38 
Max 131.94 121.09 7.39 7.38 7.42 7.39 -8.90 -0.74 31.63 30.41 0.45 0.38 148.72 148.87 0.66 0.67 
Mo17-like                 
Mean 77.68 69.22 7.30 7.29 7.37 7.37 -115.85 -118.28 24.23 21.97 0.23 0.22 111.87 102.18 0.50 0.55 
Min 36.65 34.51 7.26 7.25 7.33 7.32 -214.91 -163.61 18.31 15.93 0.15 0.14 73.32 59.28 0.41 0.45 










(µmol m-2 s-1) 
Entry Amb Ele Amb Ele Amb Ele Amb Ele 
B73 196.40 196.27 3.86 3.73 32.04 30.77 35.08 33.24 
Mo17 215.65 215.79 3.63 3.62 27.59 26.44 34.67 32.73 
B73-like         
Mean 200.42 199.43 3.84 3.86 32.64 31.74 35.87 34.55 
Min 183.52 179.37 3.34 3.33 29.69 26.89 30.63 28.73 
Max 219.75 214.72 4.36 4.21 36.14 35.56 40.86 42.40 
Mo17-like         
Mean 214.48 214.78 3.60 3.54 27.47 25.33 34.67 31.56 
Min 196.33 196.98 3.38 3.15 23.09 18.04 29.95 18.36 





Supplemental Table 2.4. Significant contrasts of B73-like NILs against B73 in 2016 (A) and 
2017 (B) as well as significant contrasts of Mo17-like NILs against Mo17 in 2016 (C) and 2017 
(D). Reported P values are FDR adjusted based on the number of observations for a given trait 
within a population. P values <.05 are highlighted red.  
(A)   
2016 Traits 
NIL Yield Anth Silk ASI Ci:Ca gs A:gs A SLA Chlplsr LeafNplsr Vmaxplsr 
b004 .219 .008 <.001 .209 .487 .398 .281 .224 .218 .633 .931 .471 
b005 .701 .834 .649 .906 .033 .084 .401 .552 .417 .160 .753 .765 
b017 .062 .525 .872 .269 .171 .270 .589 .783 .374 .957 .256 .966 
b019 .064 .196 .150 .999 .986 .516 .936 .685 .863 .024 .122 .656 
b020 .116 .003 .199 .079 .219 .176 .184 .160 .677 .884 .639 .883 
b022 .279 .389 .087 .001 .224 .826 .401 .552 .252 .474 .825 .305 
b025 .555 .009 .492 .034 .907 .011 .008 .002 .775 .593 .758 .883 
b030 .701 .977 .899 .917 .907 .516 .457 .345 .374 .186 .120 .036 
b031 .094 .525 .492 .971 .286 .320 .343 .561 .107 <.001 .120 .471 
b035 .014 .883 <.001 <.001 .487 .962 .613 .985 .417 .058 .099 .405 
b036 .127 .165 .082 .917 .677 .082 .283 .384 .808 .488 .865 .883 
b037 .013 .883 .872 .777 .854 .943 .545 .552 .417 .131 .063 .036 
b041 .012 <.001 .082 <.001 .907 .904 .525 .552 .374 .859 .639 .305 
b043 .375 <.001 .003 <.001 .183 .460 .793 .811 .778 .957 .463 .405 
b044 .158 <.001 <.001 .473 .810 .699 .589 .685 .417 .890 .887 .883 
b046 .943 .018 .017 .917 .677 .924 .589 .552 .480 .186 .332 .958 
b047 .706 .977 .967 .999 .033 .167 .545 .334 .677 .633 .205 .883 
b049 .003 <.001 <.001 .770 .280 .600 .936 .998 .377 .139 .720 .656 
b050 .127 .196 .236 .917 <.001 .082 .768 .685 .480 <.001 .036 .866 
b054 .294 <.001 .250 .010 .907 .760 .521 .345 .537 .965 .410 .866 
b055 .298 .219 .003 .115 .006 .082 .387 .552 .677 .027 .727 .300 
b068 .064 <.001 <.001 .770 .677 .003 .010 .008 .474 .210 .485 .305 
b069 .995 .977 .872 .917 .183 .261 .545 .685 .862 .957 .937 .883 
b070 .113 .552 .868 .783 .438 .176 .576 .652 .607 .024 .639 .805 
b071 .949 .326 .983 .209 .171 .516 .876 .998 .863 .485 .641 .883 
b076 <.001 <.001 .315 <.001 .954 .530 .810 .949 .474 .002 .042 .405 
b081 .881 .977 .748 .780 .280 .379 .301 .311 .374 .957 .758 .305 
b086 .623 <.001 <.001 .079 .634 .176 .336 .357 .374 .957 .873 .656 
b087 .570 .525 .315 .890 .442 .167 .010 .022 .069 .460 .825 .883 
b089 .555 .893 .150 .186 .723 .465 .589 .732 .697 .265 .753 .517 
b094 .343 .313 .103 .770 .958 .924 .810 .998 .107 .527 .563 .866 
b099 .363 <.001 <.001 .640 .854 .542 .545 .552 .114 .023 .099 .765 
b102 .113 .173 .177 .917 .384 .328 .265 .345 .107 .023 .639 .883 
b118 .910 .525 .967 .596 .183 .617 .793 .949 .863 .474 .639 .866 
b123 .112 .480 <.001 .002 .183 .180 .261 .345 .876 .859 .753 .883 
b125 .014 .196 <.001 .006 .677 .409 .217 .129 .775 .932 .256 .883 
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Supplemental Table 2.4 (A) continued. 
b126 .113 .525 .651 .917 .280 .379 .545 .685 .033 .891 .237 .866 
b131 .094 .525 .869 .770 .677 .379 .633 .558 .139 .118 .639 .776 
b132 .362 .019 .030 .906 .280 .453 .768 .685 .480 .633 .839 .471 
b135 .127 .008 <.001 .403 .447 .379 .180 .224 .218 .957 .887 .940 
b139 <.001 <.001 .792 <.001 .492 .516 .393 .552 .016 .662 .937 .155 
b148 .470 <.001 <.001 .209 .825 .011 .005 .008 .778 .884 .639 .471 
b149 .003 .196 .001 .079 .581 .516 .184 .498 .697 .884 .639 .471 
b152 <.001 <.001 .778 <.001 .677 .971 .936 .998 .500 .768 .839 .656 
b154 .155 .571 .062 .191 .219 .398 .589 .685 .377 .884 .727 .940 
b164 .013 .445 <.001 <.001 .183 .082 .025 .067 .863 .884 .059 .036 
b165 <.001 .618 <.001 <.001 .332 .693 .936 .998 .417 .957 .839 .776 
b172 .012 <.001 .017 .004 .219 .465 .589 .685 .474 .224 .063 .405 
b177 .645 <.001 <.001 .209 .910 .677 .589 .558 .069 .106 .887 .671 
b182 .375 .525 .001 .005 <.001 .003 .180 .161 .001 .051 .120 .471 
(B)  
2017 Traits 
NIL Yield Anthesis Silking ASI Ci:Ca gs A:gs A SLA Chlplsr LeafNplsr Vmax 
b004 .213 <.001 <.001 .344 .085 .321 .218 .212 .441 .875 .539 .797 
b005 .978 .081 .092 .935 .654 .027 .894 <.001 .950 .722 .922 .505 
b017 .483 .064 .896 .028 .630 .539 .438 .007 .129 .412 .926 .391 
b019 .087 .416 .216 .714 .630 .538 .719 .529 .172 .295 .173 .773 
b020 .865 <.001 <.001 .632 .868 .539 .445 .027 <.001 .254 .336 .288 
b022 .313 <.001 .043 .002 .132 .765 .150 .153 .005 .919 .036 .812 
b025 .437 .590 .896 .600 .484 .080 .150 .748 .860 .722 .591 .051 
b030 .959 .010 .019 .823 .044 .004 .038 .748 .267 .932 <.001 .162 
b031 .700 .009 .093 .363 .905 .661 .774 .628 .755 .106 .738 .958 
b035 .041 .067 .037 <.001 .653 .344 .918 .084 .441 .152 .119 .391 
b036 .220 .035 <.001 .053 .399 .243 .438 .936 .973 <.001 .023 .958 
b037 .060 .560 .896 .580 .157 .663 .276 .823 .973 .946 .010 .364 
b041 .784 <.001 <.001 .861 .018 .013 .038 .015 .503 .699 .617 .958 
b043 .376 <.001 .001 .037 .399 .011 .582 <.001 .441 .152 .842 .958 
b044 .041 <.001 <.001 .660 .889 .950 .744 .532 .441 .617 .842 .612 
b046 .052 <.001 <.001 .632 .722 .249 .762 .136 .013 .254 .460 .535 
b047 .313 .658 .214 .042 .722 .624 .312 .294 .871 .722 .281 .958 
b049 .108 <.001 <.001 .408 .868 .800 .957 .574 .503 .722 .903 .958 
b050 .376 .083 .703 .182 .905 .212 .865 <.001 .004 .012 .591 .623 
b054 .671 .003 .028 .449 .630 .381 .462 .265 .573 .269 .738 .057 
b055 .041 .129 .140 .000 .771 .005 .846 <.001 .861 .304 .199 .822 
b068 .505 <.001 <.001 .051 .085 .005 .038 .058 .573 .617 .336 .870 
b069 .376 .443 .078 .386 .005 .004 .003 .001 .410 .295 .065 .038 
b070 .865 .028 .104 .556 .278 .422 .141 .815 .907 .995 .714 .364 
b071 .375 .794 .801 .966 .722 .473 .381 .783 .140 .010 .084 .051 
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b076 .220 <.001 <.001 .246 .630 .013 .438 <.001 .140 .699 .999 .797 
b081 .828 .247 .015 .246 .066 .053 .099 .100 .755 .982 .714 .958 
b086 .096 <.001 <.001 .025 .630 .546 .254 .722 .860 .919 .714 .583 
b087 .060 .753 .589 .811 .003 .004 .001 <.001 .755 .800 .037 .870 
b089 .959 .967 .396 .363 .484 .212 .381 .265 .755 .295 .999 .117 
b094 .960 .560 .896 .598 .722 .920 .714 .552 .004 .722 .459 .017 
b099 .959 .081 <.001 .037 .237 .553 .256 .863 .282 .030 .064 .162 
b102 .393 <.001 .002 .234 .085 .278 .141 .669 .172 .722 .211 .013 
b118 .732 .967 .396 .393 .568 .023 .182 .147 .487 .722 .065 .123 
b123 .054 .381 <.001 <.001 .216 .023 .362 .001 .755 .106 <.001 .958 
b125 .235 .658 <.001 .001 .868 .546 .744 .489 .282 .917 .023 .651 
b126 .828 .001 .284 .013 .630 .546 .582 .859 .172 .995 .842 .162 
b131 .108 .794 .264 .393 .101 .080 .099 .820 .267 .875 .714 .921 
b132 .978 .007 <.001 .495 .237 .088 .381 .027 .755 .982 .591 .228 
b135 .041 <.001 <.001 .207 .630 .561 .683 .265 .861 .010 .403 .958 
b139 .014 <.001 <.001 .228 .157 .029 .167 .045 .441 .932 .842 .285 
b148 .313 .011 .703 <.001 .003 <.001 .001 .054 .950 .919 <.001 .921 
b149 .049 .151 <.001 .001 .630 .767 .719 .272 .907 .982 .146 .870 
b152 .021 <.001 .369 <.001 .093 .013 .099 .015 .240 .946 .119 .812 
b154 .041 .067 .672 .182 .003 .019 .002 .134 .140 .800 .097 .236 
b164 .361 .967 <.001 <.001 .066 .118 .110 .336 .441 .623 .794 <.001 
b165 .041 .753 .778 .495 .913 .689 .836 .628 .950 .995 .017 .634 
b172 .422 <.001 <.001 .425 .654 .249 .836 .116 .973 .673 .085 .612 
b177 .096 <.001 <.001 .826 .913 .767 .999 .936 .404 .875 .835 .177 
b182 .054 .010 .001 .632 .630 .663 .632 .863 .871 .875 .173 .966 
(C)             
2016 Traits 
NIL Yield Anthesis Silking ASI Ci:Ca gs A:gs A SLA Chlplsr LeafNplsr Vmaxplsr 
m002 .211 .286 .671 .055 .994 .622 .983 .867 .436 .680 .696 .947 
m007 .001 .002 .002 .934 .002 .622 .028 .322 .732 .150 .950 <.001 
m008 <.001 .284 .006 <.001 .027 .156 .028 .322 .732 .172 .696 .031 
m011 <.001 .593 .094 .177 .899 .754 .796 .771 .116 .994 .566 .956 
m012 <.001 .928 .012 .001 .565 .754 .566 .933 .291 .994 .982 .956 
m014 .492 .265 .911 .141 .455 .322 .440 .322 .436 .994 .982 .956 
m016 <.001 .113 <.001 <.001 .640 .622 .480 .815 .355 .027 .526 .075 
m017 .459 .113 .012 .352 .640 .922 .480 .755 .474 .595 .982 .559 
m022 <.001 .286 .012 <.001 .535 .479 .459 .771 .291 .121 .358 .337 
m024 <.001 .113 .003 .177 .455 .239 .459 .867 .964 .120 .001 .112 
m027 .559 .026 .246 .203 .622 .622 .566 .771 .995 .617 .950 .985 
m030 <.001 .505 <.001 <.001 .878 .479 .661 .275 .964 .994 .942 .170 
m031 <.001 .177 .019 .321 .876 .703 .792 .678 .888 .150 .178 .112 
m032 .660 .505 .592 .882 .878 .946 .782 .999 .964 .796 .875 .985 
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m035 .042 .752 .002 <.001 .639 .622 .460 .773 .964 .689 .982 .985 
m037 .051 .177 .911 .068 .455 .635 .459 .867 .538 .515 .875 .665 
m038 .973 .752 .246 .336 .535 .164 .480 .099 .538 .994 .566 .552 
m040 .048 .177 .161 .934 .455 .322 .480 .569 .470 .994 .774 .987 
m043 .051 .177 .381 .624 .504 .156 .378 .099 .436 .636 .345 .144 
m046 .779 .502 .771 .177 <.001 .016 .002 .999 .790 .027 .044 .011 
m047 .184 .502 .159 .416 .955 .820 .727 .999 .272 .120 .003 .296 
m048 <.001 .302 <.001 <.001 <.001 .016 .002 .771 .014 .686 .950 .985 
m049 .877 .667 .771 .853 .504 .385 .460 .569 .168 .636 .950 .891 
m050 <.001 .004 .002 .747 .639 .754 .552 .867 .436 .072 .384 .142 
m051 .646 .059 .376 <.001 .739 .156 .727 .083 .349 .121 .051 .407 
m052 .623 .941 .214 .168 .656 .946 .566 .867 .732 .717 .906 .985 
m054 .033 .752 .159 .177 .757 .690 .566 .867 .470 .994 .982 .891 
m055 .001 .505 .068 .177 .565 .584 .589 .867 .964 .857 .982 .947 
m058 .103 .177 .524 .432 .622 .946 .566 .771 .732 .154 .774 .888 
m060 .559 .036 .002 .293 .926 .512 .638 .274 .732 .614 .384 .985 
m061 .128 .660 .524 .157 .455 .620 .378 .999 .964 .215 .566 .956 
m062 <.001 .505 .002 .005 .717 .875 .796 .999 .732 .480 .950 .956 
m065 <.001 .942 .111 .064 .640 .324 .566 .494 .124 .154 .566 .891 
m072 <.001 .756 .002 .001 .622 .820 .566 .397 .747 .121 .207 .023 
m073 .029 .368 .214 .740 .043 .264 .178 .999 .291 .994 .950 .718 
m075 .174 .368 .216 .725 .656 .754 .566 .867 .291 .994 .875 .985 
m076 <.001 <.001 <.001 <.001 .455 .946 .459 .322 .964 <.001 .001 .337 
m078 .740 .752 .771 .958 .504 .820 .526 .275 .964 .202 .544 .947 
m079 .005 .002 .178 .064 .999 .946 .977 .897 <.001 .121 .494 .431 
m081 <.001 .709 .759 .336 .622 .789 .603 .889 .355 .616 .850 .337 
m082 .008 .004 .000 .416 .455 .807 .459 .771 .355 .857 .566 .987 
m083 .185 .020 .140 .336 .717 .314 .566 .099 .964 .994 .622 .797 
m091 .005 .792 .003 .001 .622 .322 .568 .274 .436 .451 .178 .022 
m092 <.001 .071 .003 .257 .994 .721 .956 .569 .291 .016 .174 .559 
m093 .047 .020 <.001 .154 .622 .993 .566 .867 .995 .994 .982 .891 
m097 .559 .360 .214 .004 .648 .730 .638 .875 .436 .616 .982 .956 
m098 .459 .938 .771 .636 .739 .095 .566 .001 .747 .636 .178 .337 
m099 .118 .646 .592 .177 .994 .479 .727 .366 .436 .121 .178 .956 
m100 .019 .113 .524 .003 .648 .385 .727 .529 .397 .741 .982 .985 
m102 .036 .071 .911 .035 .027 .322 .095 .867 .306 .617 .790 .142 
(D)             
2017 Traits 
NIL Yield Anthesis Silking ASI Ci:Ca gs A:gs A SLA Chlplsr LeafNplsr Vmaxplsr 
m002 .517 .168 .959 .183 .449 .208 .538 .545 .354 .174 .721 .372 
m007 .866 .009 .001 .139 .066 .201 .031 .445 .137 .230 .310 .011 
m008 .028 .962 <.001 <.001 .134 .118 .104 .444 .468 .147 .310 .549 
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m011 .039 .968 .319 .221 .529 .996 .473 .894 .141 .560 .406 .780 
m012 .001 .760 .010 <.001 .380 .242 .273 .545 .200 .671 .466 .320 
m014 .606 .037 .003 .119 .017 .009 .031 .037 .691 .174 .310 .676 
m016 .964 .001 <.001 .014 .610 .678 .678 .188 .983 <.001 .102 .005 
m017 .685 .042 .008 .224 .241 .630 .137 .545 .962 .005 .157 .320 
m022 .001 .754 .183 .025 .512 .078 .473 .050 .011 .005 .542 .147 
m024 .001 .834 .834 .910 .041 <.001 .006 .011 .567 .560 .007 .207 
m027 .847 <.001 <.001 .419 .241 .038 .132 .050 .906 .005 .016 .893 
m030 .003 .108 <.001 .001 .819 .201 .881 .055 .983 .273 .639 .021 
m031 .352 .046 .235 .806 .800 .241 .678 .157 .962 .755 .743 .290 
m032 .684 .760 .289 .302 .380 .532 .513 .784 .501 .671 .921 .265 
m035 .528 .760 .421 .180 .243 .006 .132 .121 .468 .005 .192 .014 
m037 .044 .743 .834 .454 .610 .532 .967 .188 .422 .123 .167 .372 
m038 .504 .168 .497 .014 .542 .288 .546 .512 .906 .560 .310 .780 
m040 .578 .175 .946 .243 .801 .999 .881 .747 .776 .794 .838 .676 
m043 .664 .532 .916 .658 .134 .008 .104 .006 .983 .334 .192 .024 
m046 .104 .760 .766 .901 <.001 .001 <.001 .362 .961 .001 .159 .005 
m047 .191 .583 .054 .001 .819 .687 .967 .565 .255 .005 .016 .045 
m048 .698 .118 .003 <.001 <.001 .012 .001 .545 .008 .794 .331 .806 
m049 .462 .344 .487 .930 .529 .603 .560 .833 .468 .560 .743 .098 
m050 .698 .081 .039 .454 .243 .117 .273 .072 .035 .207 .310 .876 
m051 .462 .041 .766 .176 .071 .925 .261 .088 .710 .959 .571 .823 
m052 .060 .576 .156 .243 .819 .687 .967 .545 .141 .310 .743 .320 
m054 .011 .962 .315 .183 .512 .208 .465 .559 .487 .822 .571 .504 
m055 .088 .754 .946 .658 .833 .926 .870 .680 .710 .560 .571 .530 
m058 .504 .106 .021 .260 .904 .591 .967 .306 .487 .560 .572 .806 
m060 <.001 .532 <.001 <.001 .380 .117 .600 .026 .141 .560 .383 .450 
m061 .820 .834 .916 .695 .713 .464 .658 .481 .091 .591 .247 .949 
m062 .088 .041 .002 .095 .243 .171 .273 .295 .042 .980 .027 .893 
m065 .517 .760 .654 .308 .819 .118 .796 .058 .025 .822 .033 .677 
m072 .007 .197 .003 .021 .819 .266 .967 .050 .224 .560 .310 .103 
m073 .964 .350 .522 .910 .001 .013 .004 .833 .860 .794 .385 .358 
m075 .964 .175 .112 .533 .819 .999 .967 .959 .487 .173 .153 .320 
m076 .191 .005 .044 .881 .819 .242 .967 .050 .710 .633 .795 .372 
m078 .002 .968 .362 .260 .610 .678 .678 .200 .062 .006 .446 .320 
m079 .512 .004 .003 .462 .380 .981 .273 .072 .710 .356 .310 .780 
m081 .016 .521 .213 .014 .819 .117 .473 .395 .487 .273 .344 .950 
m082 .947 .015 <.001 .017 .541 .891 .473 .545 .224 .415 .571 .280 
m083 .001 <.001 <.001 <.001 .160 .052 .163 .072 .468 .755 .795 .265 
m091 .738 .590 .002 .001 .041 .731 .102 .142 .468 .001 .007 <.001 
m092 .462 .445 .240 .533 .610 .822 .967 .461 .567 .560 .344 .676 
m093 .517 <.001 .003 .695 .541 .045 .273 .046 .011 .560 .446 .522 
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Supplemental Table 2.4 (D) continued. 
m097 .115 .015 .102 <.001 .611 .678 .676 .833 .710 .755 .335 .574 
m098 .829 .002 .081 .454 .017 .034 .015 .088 .008 .435 .016 .024 
m099 .001 .350 .352 .848 .611 .963 .881 .545 .151 .954 .310 .792 
m100 .278 .005 .916 .003 .529 .117 .473 .122 .487 .298 .472 .677 
































Supplemental Table 2.5. QTL identified using the Szalma et al. (2007) method. QTL are 
identified as Final meaning the final location was able to be determined. All QTL listed as 
Probable represent significant introgressions, but the inability to identify a unique location for a 
pair of correlated introgressions. The column headings are as follows. NIL Family – The 
population that the QTL was identified. TraitName – the mapped trait. Environment – the year 
and O3 treatment combination for a given QTL. V2 Chr – the chromosome in which the QTL 
was identified on according to the version 2 of the B73 maize reference genome (AGP version 
2). Left and Right CI – the base pair location of the left and right BAC marker containing an 
introgression from the donor parent relative to AGP version 2.  
NIL 
Family TraitName Environment V2 Chr Left CI (bp) Right CI (bp) QTL 
B73 A 2016Ele 6 55585591.68 74909184 Final 
B73 A 2017Ele 8 167997175.5 168141359.4 Final 
B73 Anthesis 2016Amb 1 23229523.62 23235116.5 Final 
B73 ASI 2016Amb 8 9916787.42 10592718.5 Final 
B73 ASI 2016Ele 8 9916787.42 10592718.5 Final 
B73 ASI 2017Amb 10 2257610.5 2456591.02 Final 
B73 gs 2017Amb 2 18702678.44 26719911.5 Final 
B73 Silking 2016Amb 1 23229523.62 23235116.5 Final 
B73 SLA 2017Amb 2 26882564.5 29378040.33 Final 
B73 Vmax,plsr 2017Ele 7 11859156.16 24408980.5 Final 
B73 Yield 2016Ele 4 212730291.5 224227520.5 Final 
B73 Yield 2016Amb 8 165559510.3 167208579.9 Final 
B73 A 2016Amb 4 238359427.8 240378616.4 Probable 
B73 A 2016Amb 8 167465350.6 167465350.6 Probable 
B73 N 2017Ele 2 9126158 11058644.37 Probable 
B73 N 2017Ele 2 11754237.8 11754237.8 Probable 
Mo17 A 2016Amb 1 278713452 281095048.1 Final 
Mo17 A:gs 2017Ele 7 116232722.4 120323767 Final 
Mo17 A:gs 2016Amb 7 121256294.5 123657197 Final 
Mo17 ASI 2016Ele 4 14040217.16 25791071.16 Final 
Mo17 ASI 2016Amb 4 151650800.1 153485053.8 Final 
Mo17 ASI 2017Ele 4 151650800.1 153485053.8 Final 
Mo17 Chlplsr 2017Ele 1 64691003.25 72841481.5 Final 
Mo17 Chlplsr 2017Amb 6 156362657.1 157892020 Final 
Mo17 Ci:Ca 2017Ele 7 116232722.4 120323767 Final 
Mo17 Ci:Ca 2016Amb 7 121256294.5 123657197 Final 
Mo17 gs 2016Amb 7 121256294.5 123657197 Final 
Mo17 gs 2017Ele 10 139054119.8 139906294 Final 
Mo17 LeafNplsr 2017Ele 1 43096454.44 45870031.4 Final 
Mo17 Silking 2016Amb 6 158318115.3 163850020.7 Final 
Mo17 Yield 2016Amb 2 158506620.1 161065509.2 Final 
Mo17 Yield 2016Ele 5 5679624.64 6828988.18 Final 
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Supplemental Table 2.5 continued. 
Mo17 A:gs 2016Ele 3 226905534.5 229032302.8 Probable 
Mo17 A:gs 2016Ele 10 140979438.3 142204815.3 Probable 
Mo17 Anthesis 2017Ele 1 31247529.66 33381509.83 Probable 
Mo17 Anthesis 2017Ele 1 41129845.7 42810893.96 Probable 
Mo17 Chlplsr 2016Ele 1 153890277.1 169738799.5 Probable 
Mo17 Chlplsr 2016Ele 1 179639131.3 180324771.4 Probable 
Mo17 Chlplsr 2016Ele 7 172934455 175607909.2 Probable 
Mo17 Ci:Ca 2016Ele 3 226905534.5 229032302.8 Probable 
Mo17 Ci:Ca 2016Ele 10 140979438.3 142204815.3 Probable 
Mo17 gs 2016Ele 3 226905534.5 229032302.8 Probable 
Mo17 gs 2016Ele 10 140979438.3 142204815.3 Probable 
Mo17 LeafNplsr 2016Amb 3 209793202.1 213341347.5 Probable 
Mo17 LeafNplsr 2016Amb 3 217991613.7 218732893 Probable 
Mo17 LeafNplsr 2016Amb 3 224930736 226393006.4 Probable 
Mo17 Silking 2017Ele 1 31247529.66 33381509.83 Probable 
Mo17 Silking 2017Ele 1 41129845.7 42810893.96 Probable 
Mo17 Silking 2017Amb 1 248738178.7 249358768.8 Probable 
Mo17 Silking 2017Amb 1 251820327.8 250439924.5 Probable 
Mo17 SLA 2016Ele 1 299498301.4 300250549.5 Probable 
Mo17 SLA 2016Ele 8 161926674.5 163293535.6 Probable 
Mo17 Vmax,plsr 2017Ele 1 19847516.83 22980243.66 Probable 
Mo17 Vmax,plsr 2016Ele 1 153890277.1 169738799.5 Probable 
Mo17 Vmax,plsr 2016Ele 1 179639131.3 180324771.4 Probable 
Mo17 Vmax,plsr 2017Ele 7 159929120.4 163396634.7 Probable 
Mo17 Vmax,plsr 2016Ele 7 172934455 175607909.2 Probable 
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Supplemental Table 2.6. Growing season 8 hour average ambient and elevated ozone 
concentrations for when the treatment should be running (10-18h CST) throughout the duration 
of the growing season. The fumigation efficiency during the effective treatment hours is reported 
as the percent of time the treatment was within 10% and 20% of treatment set point of 100ppb 
while the system was operative. Planting date is presented in day of year (DOY). 
  8 hour avg (ppb) Fumigation Efficiency 









2014 139 40.04 69.7 57.0 82.8 
2015 139 39.8 62.3 59.1 81.5 
2016 145 41.8 74.8 61.7 86.6 
2017 137 43.09 73.03 52.6 78.5 
 
 
Supplemental Table 2.7. Summary table of weather data from 2014-2017 during the growing 
season (planting date – harvest date). Average minimum and maximum temperatures, cumulative 
precipitation, and cumulative precipitation minus the potential evapotranspiration (P-PET) are 
reported. 
Year Min Temp (°C) Max Temp (°C) Precipitation (mm) P-PET (mm) 
2014 14.2 25.7 703.8 36.58 
2015 15.4 27.2 586.0 -12.45 
2016 18.3 29.2 515.1 -5.88 




















APPENDIX C: SUPPLEMENTAL TABLES FOR CHAPTER 3 
Supplemental Table 3.1. Segregating markers for cultivars Dwight and Pana comparing the 
final data used in the development of the linkage map in this study (GBS) and the SoySNP50K 
iSelect BeadChip data. Map length (cM) reported for each chromosome. Summary totals are 
below. 
 
Chromosome GBS Length (cM) 
% of total 
markers 50K 
% of total 
markers 
Gm01 180 163.5 4.19 442 5.42 
Gm02 176 137.2 4.10 431 5.29 
Gm03 90 68.4 2.09 132 1.62 
Gm04 905 234.3 21.06 652 8.00 
Gm05 48 62.1 1.12 244 2.99 
Gm06 151 151.2 3.51 376 4.61 
Gm07 29 17.7 0.67 138 1.69 
Gm08 43 17.1, 19.1 1.00 490 6.01 
Gm09 130 64.5 3.03 375 4.60 
Gm10 32 14.0 0.74 229 2.81 
Gm11 72 144.4 1.68 292 3.58 
Gm12 39 69.7 0.91 175 2.15 
Gm13 219 140.7 5.10 983 12.05 
Gm14 0 - 0.00 187 2.29 
Gm15 884 182.0 20.57 857 10.51 
Gm16 530 107.9 12.33 422 5.17 
Gm17 69 146.8 1.61 346 4.24 
Gm18 44 22.1 1.02 226 2.77 
Gm19 561 140.0 13.06 728 8.93 
Gm20 95 158.0 2.21 430 5.27 

















Supplemental Table 3.2. Planting date, latest R8, and growing season weather data are 
presented. Day of year (DOY), relative humidity (RH), and potential evapotranspiration (PET) 
from all three of the experiment years are reported. PET was calculated using the modified 
Penman-Monteith equation as outlined in FAO Irrigation and Drainage Paper No. 56. All 



















2011 159 277 22.4 28.7 16.6 71.5 233.7 461.0 
2012 136 272 22.8 29.8 16.1 65.2 408.2 710.7 
2013 157 272 14.4 20.5 8.8 75.6 444.2 551.7 
 
Supplemental Table 3.3. Fumigation start date and season long 8 hour average [O3]. 
 






 (8h avg) 
Elevated O3 
(24h avg) 
2011 172 44.3 28.3 81.3 42.7 
2012 149 50.8 30.9 68.7 37.6 




























Supplemental Table 3.4. The ten highest yielding RILs in each environment (year treatment 
combination). Yellow shaded cells represent high yielding RILs within the same year regardless 
of treatment. Pink and blue shaded cells represent the same high yielding RIL in the ambient 
treatment in two or three years, respectively. Green shaded cells represent high yielding RILs in 
the elevated ozone treatment in two years. 
 
Treatment 2011 2012 2013 
Ambient 
 
LG10-52-20 LG10-52-24 Pana 
LG10-52-64 LG10-52-184 LG10-52-372 
LG10-52-153 LG10-52-337 LG10-52-161 
LG10-52-155 LG10-52-131 LG10-52-321 
LG10-52-99 LG10-52-107 LG10-52-133 
LG10-52-44 LG10-52-69 LG10-52-16 
LG10-52-360 LG10-52-161 LG10-52-184 
LG10-52-6 LG10-52-116 LG10-52-329 
LG10-52-371 LG10-52-237 LG10-52-174 
LG10-52-161 LG10-52-213 LG10-52-167 
Ozone 
LG10-52-338 LG10-52-24 LG10-52-16 
LG10-52-44 LG10-52-69 LG10-52-246 
LG10-52-64 LG10-52-6 Pana 
LG10-52-143 LG10-52-107 LG10-52-314 
LG10-52-194 LG10-52-131 LG10-52-171 
LG10-52-189 LG10-52-192 LG10-52-155 
LG10-52-155 LG10-52-237 LG10-52-363 
LG10-52-148 LG10-52-196 LG10-52-10 
LG10-52-246 LG10-52-161 LG10-52-232 












APPENDIX D: SUPPLEMENTAL FIGURES AND TABLES FOR CHAPTER 4 
Supplemental Figure 4.1. PLSR model builds for leaf protein content (g m-2) (A), leaf sucrose 
content (mmol m-2) (B), Vcmax at sampled leaf temperature (µmol CO2 m-2 s-1) (C), Jmax at 
sampled leaf temperature (µmol e m-2 s-1) (D), Chl a (g m-2) (E), Chl b (g m-2) (F), Chl a:b (G), 
total leaf non-structural carbohydrates (mmol m-2) (H), and leaf temperature (°C) (I). The y-axis 
is the observed value, and the x-axis is the PLSR estimated value. Red diamonds represent the 
data used in the calibration model. Light gray points represent validation data predicted by the 
PLSR model with error bars representing the jack-knife confidence intervals of the predicted 
value. The y-axes represent measured values derived from ACi curves and the x-axes show the 
PLSR model predicted values. The dashed line is 1:1, the regression line is solid gray, 95% 
confidence intervals for the observed values are gray curves, and the 95% confidence intervals 
for the predicted values are black curves.  
 
 
A B C 
D E F 
G H I 
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Supplemental Table 4.1. Table of the years that measured traits were collected with paired leaf 

















x x x 
 
2014 x x 
    
2015 x x x x x x 
2018 x x x x x x 



































Supplemental Table 4.2. Table showing the diverse germplasm used to collect PLSR calibration 
data. 114 different lines were included. Where available, table includes the plant introduction 
number (PI), the cultivar or variety name, genotype (as provided by the source), phenotype 
information, additional comments or the source of the materials, and maturity group number 
(MG). All information from the T-lines were from Soybean Genetics Newsletter 18:14-26, 1991. 
  
PI Cultivar/Variety Genotype Phenotype Comments and/or Source MG 
PI 548378 Mandarin  Parent Lines China I 
PI 595362 Magellan NAM 14 High yielding Univ of Missouri IV 
PI 598124 Maverick NAM 15 High yielding Univ of Missouri III 
PI 602995 LG90-2550 NAM 31 Diverse ancestry USDA-ARS III 
PI 631398 LG92-1255 NAM 32 Diverse ancestry USDA-ARS II 
PI 633730 LG94-1128 NAM 33 Diverse ancestry USDA-ARS II 
PI 633731 LG94-1906 NAM 34 Diverse ancestry USDA-ARS II 
PI 639283 LG97-7012 NAM 36 Diverse ancestry USDA-ARS III 
PI 639285 LG98-1605 NAM 37 Diverse ancestry USDA-ARS III 
PI 639693 Skylla NAM 22 High yielding Michigan State Univ II 
PI 639740 LD00-3309 NAM 10 High yielding Univ of Illinois IV 
PI 643146 Prohio NAM 9 High yielding Ohio State Univ III 
PI 643395 CL0J173-6-8 NAM 6 High yielding Purdue Univ III 
PI 657626 CL0J095-4-6 NAM 5 High yielding Purdue Univ III 
PI 660989 LG00-3372 NAM 38 Diverse ancestry USDA-ARS III 
PI 664025 LG04-6000 NAM 39 Diverse ancestry USDA-ARS IV 
PI084619 S-43  Kyonggi South Korea III 
PI398881 PI398881 NAM 40 PI Drought Tolerance S Korea III 
PI404188A PI404188A NAM 54 PI Drought Tolerance China II 
PI427099 Jilin No. 3  Parent Lines China I 
PI427136 PI427136 NAM 41 PI Drought Tolerance S Korea III 
PI437169B PI437169B NAM 42 PI Drought Tolerance Russian Federation II 
PI507019 Majison nishiki  Kanto Japan III 
PI507477 Tousan kei YL 1  Kanto Japan VI 
PI507681B PI507681B NAM 46 PI Drought Tolerance Uzbekistan II 
PI518751 PI518751 NAM 48 PI Drought Tolerance Serbia II 
PI540553 T322  Parent Lines USDA-ARS II 
PI547418 L63-1792 y7 y8 C(6) x T138 Chlorophyll IV 
PI547446 L69-4755 y9 L6(6) x T135 Chlorophyll IV 
PI547452 L63-2346 y3 C(6) x T139 Chlorophyll IV 
PI547688 L63-1016 y3 H(6) x T139 Chlorophyll II 
PI547705 L68-560 y7 y8 H(6) x T138 Chlorophyll II 




Supplemental Table 4.2 continued. 
PI548166 T102 le y4 
Greenish yellow leaves, 
weak plant; seed lectin 
absent 
 III 
PI548171 T134 y5 Greenish yellow leaves  III 
PI548172 T135 y9 Bright greenish yellow leaves 
 III 
PI548173 T136 dt1 ln y6 Pale green leaves  IV 
PI548174 T138 y7 y8 Yellow growth in cool weather L35-1156 IV 
PI548175 T139 g y3 
Yellow seed coat, 
leaves turn yellow 
prematurely 
 III 
PI548176 T143 Lf1 g y3 y7 y8 
5-foliolate, leaves turn 
yellow prematurely, and 
in cool weather 
 III 
PI548185 T162 y17 Light yellowish-green leaves 
 I 
PI548204 T220  Greenish yellow leaves L46-431 III 
PI548205 T221  Yellowish green leaves L46-426 IV 
PI548206 T223  Yellowish green leaves L46-429 II 
PI548207 T224  Greenish yellow leaves L46-428 II 
PI548210 T226  Greenish yellow leaves  IV 
PI548211 T227  Greenish yellow leaves, becoming green 
 III 
PI548212 T229 y14 Light green leaves  IV 
PI548213 T230 y13 Whitish green seedling, greenish yellow leaves A43K-643-1 III 
PI548214 T231  Greenish yellow leaves, weak plant A49-8414 IV 
PI548215 T232  Yellowish green leaves  III 
PI548216 T233 y12 Whitish primary leaves, yellowish green leaves 
 III 
PI548217 T234 Mdh1-n y20 
Yellowish green leaves, 
malate dehydrogenase 1 
null 
Mdh1-n(Ames 21), 
y20(Ames 23) IV 
PI548221 T239  Parent Lines USDA-ARS II 
PI548229 T252  Pale green leaves L64-2612 II 
PI548230 T253 y20 k2 mutation in T239(k2) found in 1963 at Urbana Chlorophyll II 
PI548231 T254  Greenish yellow leaves L67-4412A IV 





PI548260 T283  Chlorophyll deficient A77-86 IV 
PI548265 T288 y23 
Leaves becoming 
yellow-white and 
necrotic, viable plant 
Williams 80-7 IV 
PI548288 T314 cyt-Y4 Yellow leaves  III 
PI548289 T315 cyt-Y5 Yellow leaves  III 
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Supplemental Table 4.2 continued. 
PI548290 T316 cyt-Y6 Yellow leaves  III 
PI548291 T317 Mdh1-n y20 
Yellowish green leaves, 
malate dehydrogenase 1 
null 
 II 
PI548293 T319 cyt-Y7 Cytoplasmic yellow 
Small seed and weak 
plants require hand 




PI548294 T320 cyt-Y8 Cytoplasmic yellow  IV 
PI548348 Illini  Parent Lines Univ of Illinois *China III 
PI548362 Lincoln  Parent Lines Univ of Illinois III 
PI548402 Peking  Parent Lines Univ of Illinois *China IV 
PI548406 Richland  Parent Lines Purdue Univ *China II 
PI548429 Wilson-Five  Parent Lines China IV 
PI548486 Rokusun  Parent Lines Japan VI 
PI548533 Clark  Parent Lines Univ of Illinois IV 
PI548577 Hawkeye  Parent Lines Iowa State Univ II 
PI548631 Williams  Parent Lines USDA-ARS III 
PI560909 T323 Mdh1-n y20 
Yellowish green leaves, 
malate dehydrogenase 1 
null 
 III 
PI560910 T324 Mdh1-n y20 
Yellowish green leaves, 
malate dehydrogenase 1 
null 
 III 
PI560911 T325 Mdh1-n y20 
Yellowish green leaves, 
malate dehydrogenase 1 
null 
 II 
PI561370 PI561370 NAM 50 PI Drought Tolerance China III 
PI567272A AV 215  unknown Taiwan IV 
PI574486 PI574486 NAM 64 PI Drought Tolerance China II 
PI597386 Dwight/LN92-10507   Univ of Illinois II 
PI597387 Pana/LN92-10855   Univ of Illinois III 
PI603196 T346 Mdh1-n y20 
Yellowish green leaves, 
malate dehydrogenase 1 
null 
CD-9 III 
PI603661B (85-Y-3)  Hunan China III 
PI628271 T361 Mdh1-n y20 
Yellowish green leaves, 





PI88351 selection number 3  Parent Lines China II 
 4J105-3-4 NAM 3 High yielding Purdue Univ III 
 5M20-2-5-2 NAM 4 High yielding Purdue Univ III 
 AG34x6   Asgrow III 
 AG36x6   Asgrow III 
 AG39x7   Asgrow IV 
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Supplemental Table 4.2 continued. 
 AG42x6   Asgrow IV 
 HS6-3976 NAM 8 High yielding Ohio State Univ III 
 IA3023 Recurrent High yielding Iowa State Univ III 
 LD01-5907 NAM 11 High yielding Univ of Illinois III 
 LD02-4485 NAM 12 High yielding Univ of Illinois II 
 LD02-9050 NAM 13 High yielding Univ of Illinois IV 
 LG03-2979 NAM 24 Diverse ancestry USDA-ARS III 
 LG03-3191 NAM 25 Diverse ancestry USDA-ARS IV 
 LG04-4717 NAM 26 Diverse ancestry USDA-ARS III 
 LG05-4292 NAM 27 Diverse ancestry USDA-ARS IV 
 LG05-4317 NAM 28 Diverse ancestry USDA-ARS IV 
 LG05-4464 NAM 29 Diverse ancestry USDA-ARS III 
 LG05-4832 NAM 30 Diverse ancestry USDA-ARS III 
 MN-1/M92-220 (WT)  WT from U of NM fast neutron project 





  U of NM fast neutron 
project 
 









  U of NM fast neutron 
project 
 
 NE3001 NAM 18 High yielding Univ of Nebraska III 
 S06-13640 NAM 17 High yielding Univ of Missouri IV 
 TN05-3027 NAM 2 High yielding Univ of Tennessee V 













Afuakwa JJ, Crookston RK, Jones RJ (1984) Effect of temperature and sucrose availability of 
kernel black layer development in maize. Crop Science 24: 285-288 
 
Ahsan N, Nanjo Y, Sawada H, Kohno Y, Komatsu S (2010) Ozone stress-induced proteomic 
changes in leaf total soluble and chloroplast proteins of soybean reveal that carbon 
allocation is involved in adaptation in the early developmental stage. Proteomics 10: 
2605-2619 
 
Ainsworth EA (2017) Understanding and improving global crop response to ozone pollution. 
Plant Journal 90: 886-897 
 
Ainsworth EA, Rogers A, Leakey ADB (2008) Targets for crop biotechnology in a future high-
CO2 and high-O3 world. Plant Physiology 147: 13-19 
 
Ainsworth EA, Rogers A, Leakey ADB, Heady LE, Gibon Y, Stitt M, Schurr U (2007) Does 
elevated atmospheric CO2 alter diurnal C uptake and the balance of C and N metabolites 
in growing and fully expanded soybean leaves? Journal of Experimental Botany 58: 579-
591 
 
Ainsworth EA, Serbin SP, Skoneczka JA, Townsend PA (2014) Using leaf optical properties 
to detect ozone effects on foliar biochemistry. Photosynthesis Research 119: 65-76 
 
Almeida GD, Makumbi D, Magorokosho C, Nair S, Borem A, Ribaut JM, Banziger M, 
Prasanna BM, Crossa J, Babu R (2013) QTL mapping in three tropical maize 
populations reveals a set of constitutive and adaptive genomic regions for drought 
tolerance. Theoretical and Applied Genetics 126: 583-600 
 
Anderson JE, Kantar MB, Kono TY, Fu FL, Stec AO, Song QJ, Cregan PB, Specht JE, 
Diers BW, Cannon SB, McHale LK, Stupar RM (2014) A Roadmap for Functional 
Structural Variants in the Soybean Genome. G3-Genes Genomes Genetics 4: 1307-1318 
 
Anderson K (2015) Duality in climate science. Nature Geoscience 8: 898-900 
 
Annor B, Badu-Apraku B, Nyadanu D, Akromah R, Fakorede MAB (2019) Testcross 
performance and combining ability of early maturing maize inbreds under multiple-stress 
environments. Scientific Reports 9 
 
Araus JL, Cairns JE (2014) Field high-throughput phenotyping: the new crop breeding frontier. 
Trends in Plant Science 19: 52-61 
 
Araus JL, Kefauver SC, Zaman-Allah M, Olsen MS, Cairns JE (2018) Translating High-




Ashrafuzzaman M, Lubna FA, Holtkamp F, Manning WJ, Kraska T, Frei M (2017) 
Diagnosing ozone stress and differential tolerance in rice (Oryza sativa L.) with 
ethylenediurea (EDU). Environmental Pollution 230: 339-350 
 
Asner GP (1998) Biophysical and biochemical sources of variability in canopy reflectance. 
Remote Sensing of Environment 64: 234-253 
 
Asner GP, Scurlock JMO, Hicke JA (2003) Global synthesis of leaf area index observations: 
implications for ecological and remote sensing studies. Global Ecology and 
Biogeography 12: 191-205 
 
Avnery S, Mauzerall DL, Liu JF, Horowitz LW (2011) Global crop yield reductions due to 
surface ozone exposure: 1. Year 2000 crop production losses and economic damage. 
Atmospheric Environment 45: 2284-2296 
 
Balint-Kurti PJ, Krakowsky MD, Jines MP, Robertson LA, Molnar TL, Goodman MM, 
Holland JB (2006) Identification of quantitative trait loci for resistance to southern leaf 
blight and days to anthesis in a maize recombinant inbred line population. 
Phytopathology 96: 1067-1071 
 
Balko LG, Russell WA (1980a) Effects of rates of nitrogen fertilizer on maize inbred lines and 
hybrid progeny. 1. Prediction of yield response. Maydica 25: 65-79 
 
Balko LG, Russell WA (1980b) Response of maize inbred lines to N-fertilizer. Agronomy 
Journal 72: 723-728 
 
Beavis W (1994) The power and deceit of QTL experiments: lessons from comparative QTL 
studies. Proceedings for the Forty-Ninth Annual Corn & Sorghum Industry Research 
Conference. American Seed Trade Association, Washington, DC, pp 250-266 
 
Beavis W (1998) QTL analyses: Power, precision, and accuracy. In AH Paterson, ed, Molecular 
Dissection of Complex Traits. CRC Press, Boca Raton, FL, pp 145-162 
 
Bernacchi CJ, Bagley JE, Serbin SP, Ruiz-Vera UM, Rosenthal DM, Vanloocke A (2013) 
Modelling C3 photosynthesis from the chloroplast to the ecosystem. Plant Cell and 
Environment 36: 1641-1657 
 
Bernacchi CJ, Leakey ADB, Heady LE, Morgan PB, Dohleman FG, McGrath JM, 
Gillespie KM, Wittig VE, Rogers A, Long SP, Ort DR (2006) Hourly and seasonal 
variation in photosynthesis and stomatal conductance of soybean grown at future CO2 and 
ozone concentrations for 3 years under fully open-air field conditions. Plant Cell and 
Environment 29: 2077-2090 
 
Bernacchi CJ, Pimentel C, Long SP (2003) In vivo temperature response functions of 




Bernacchi CJ, Singsaas EL, Pimentel C, Portis AR, Long SP (2001) Improved temperature 
response functions for models of Rubisco-limited photosynthesis. Plant Cell and 
Environment 24: 253-259 
 
Bernardo R (2008) Molecular markers and selection for complex traits in plants: Learning from 
the last 20 years. Crop Science 48: 1649-1664 
 
Betzelberger AM, Gillespie KM, McGrath JM, Koester RP, Nelson RL, Ainsworth EA 
(2010) Effects of chronic elevated ozone concentration on antioxidant capacity, 
photosynthesis and seed yield of 10 soybean cultivars. Plant Cell and Environment 33: 
1569-1581 
 
Betzelberger AM, Yendrek CR, Sun JD, Leisner CP, Nelson RL, Ort DR, Ainsworth EA 
(2012) Ozone Exposure Response for U.S. Soybean Cultivars: Linear Reductions in 
Photosynthetic Potential, Biomass, and Yield. Plant Physiology 160: 1827-1839 
 
Biswas DK, Xu H, Li YG, Liu MZ, Chen YH, Sun JZ, Jiang GM (2008) Assessing the 
genetic relatedness of higher ozone sensitivity of modern wheat to its wild and cultivated 
progenitors/relatives. Journal of Experimental Botany 59: 951-963 
 
Biswas DK, Xu H, Yang JC, Li YG, Chen SB, Jiang CD, Li WD, Ma KP, Adhikary SK, 
Wang XZ, Jiang GM (2009) Impacts of methods and sites of plant breeding on ozone 
sensitivity in winter wheat cultivars. Agriculture Ecosystems & Environment 134: 168-
177 
 
Bolanos J, Edmeades GO (1996) The importance of the anthesis-silking interval in breeding for 
drought tolerance in tropical maize. Field Crops Research 48: 65-80 
 
Booker FL, Fiscus EL (2005) The role of ozone flux and antioxidants in the suppression of 
ozone injury by elevated CO2 in soybean. Journal of Experimental Botany 56: 2139-2151 
 
Bortiri E, Jackson D, Hake S (2006) Advances in maize genomics: the emergence of positional 
cloning. Current Opinion in Plant Biology 9: 164-171 
 
Bradbury PJ, Zhang Z, Kroon DE, Casstevens TM, Ramdoss Y, Buckler ES (2007) 
TASSEL: software for association mapping of complex traits in diverse samples. 
Bioinformatics 23: 2633-2635 
 
Broman KW, Wu H, Sen S, Churchill GA (2003) R/qtl: QTL mapping in experimental 
crosses. Bioinformatics 19: 889-890 
 
Browning BL, Zhou Y, Browning SR (2018) A one-penny imputed genome from next-





Buckler ES, Holland JB, Bradbury PJ, Acharya CB, Brown PJ, Browne C, Ersoz E, Flint-
Garcia S, Garcia A, Glaubitz JC, Goodman MM, Harjes C, Guill K, Kroon DE, 
Larsson S, Lepak NK, Li HH, Mitchell SE, Pressoir G, Peiffer JA, Rosas MO, 
Rocheford TR, Romay MC, Romero S, Salvo S, Villeda HS, da Silva HS, Sun Q, 
Tian F, Upadyayula N, Ware D, Yates H, Yu JM, Zhang ZW, Kresovich S, 
McMullen MD (2009) The genetic architecture of maize flowering time. Science 325: 
714-718 
 
Burkey KO, Carter TE (2009) Foliar resistance to ozone injury in the genetic base of US and 
Canadian soybean and prediction of resistance in descendent cultivars using coefficient 
of parentage. Field Crops Research 111: 207-217 
 
Burkey KO, Eason G, Fiscus EL (2003) Factors that affect leaf extracellular ascorbic acid 
content and redox status. Physiologia Plantarum 117: 51-57 
 
Burton AL, Burkey KO, Carter TE, Orf J, Cregan PB (2016) Phenotypic variation and 
identification of quantitative trait loci for ozone tolerance in a Fiskeby III x Mandarin 
(Ottawa) soybean population. Theoretical and Applied Genetics 129: 1113-1125 
 
Bussotti F (2008) Functional leaf traits, plant communities and acclimation processes in relation 
to oxidative stress in trees: a critical overview. Global Change Biology 14: 2727-2739 
 
Bänzinger M, Edmeades GO, Beck D, Bellon M (2000) Breeding for drought and nitrogen 
stress tolerance in maize: From theory to practice. CIMMYT, Mexico 
 
Cabrera-Bosquet L, Crossa J, von Zitzewitz J, Serret MD, Araus JL (2012) High-throughput 
Phenotyping and Genomic Selection: The Frontiers of Crop Breeding Converge. Journal 
of Integrative Plant Biology 54: 312-320 
 
Carter GA, Knapp AK (2001) Leaf optical properties in higher plants: Linking spectral 
characteristics to stress and chlorophyll concentration. American Journal of Botany 88: 
677-684 
 
Castro-Nava S, Ramos-Ortiz VH, Reyes-Mendez CA, Briones-Encinia F, Lopez-Santillan 
JA (2011) Preliminary field screening of maize landrace germplasm from northeastern 
Mexico under high temperatures. Maydica 56: 409-414 
 
Chen CP, Frank TD, Long SP (2009) Is a short, sharp shock equivalent to long-term 
punishment? Contrasting the spatial pattern of acute and chronic ozone damage to 
soybean leaves via chlorophyll fluorescence imaging. Plant Cell and Environment 32: 
327-335 
 
Chen Z, Gallie DR (2005) Increasing tolerance to ozone by elevating foliar ascorbic acid 





Choquette NE, Ogut F, Wertin TM, Montes CM, Sorgini CA, Morse AM, Brown PJ, 
Leakey ADB, McIntyre LM, Ainsworth EA (2019) Uncovering hidden genetic 
variation in photosynthesis of field-grown maize under ozone pollution. Global Change 
Biology 25: 4327-4338 
 
Chung WH, Jeong N, Kim J, Lee WK, Lee YG, Lee SH, Yoon W, Kim JH, Choi IY, Choi 
HK, Moon JK, Kim N, Jeong SC (2014) Population Structure and Domestication 
Revealed by High-Depth Resequencing of Korean Cultivated and Wild Soybean 
Genomes. DNA Research 21: 153-167 
 
Chutteang C, Booker FL, Na-Ngern P, Burton A, Aoki M, Burkey KO (2016) Biochemical 
and physiological processes associated with the differential ozone response in ozone-
tolerant and sensitive soybean genotypes. Plant Biology 18: 28-36 
 
Curran PJ (1989) Remote-sensing of foliar chemistry. Remote Sensing of Environment 30: 
271-278 
 
D'Andrea KE, Otegui ME, Cirilo AG, Eyherabide G (2006) Genotypic variability in 
morphological and physiological traits among maize inbred lines-nitrogen responses. 
Crop Science 46: 1266-1276 
 
Davis GL, McMullen MD, Baysdorfer C, Musket T, Grant D, Staebell M, Xu G, Polacco 
M, Koster L, Melia-Hancock S, Houchins K, Chao S, Coe EH (1999) A maize map 
standard with sequenced core markers, grass genome reference points and 932 expressed 
sequence tagged sites (ESTs) in a 1736-locus map. Genetics 152: 1137-1172 
 
Dechant B, Cuntz M, Vohland M, Schulz E, Doktor D (2017) Estimation of photosynthesis 
traits from leaf reflectance spectra: Correlation to nitrogen content as the dominant 
mechanism. Remote Sensing of Environment 196: 279-292 
 
Diers BW, Specht J, Rainey KM, Cregan P, Song QJ, Ramasubramanian V, Graef G, 
Nelson R, Schapaugh W, Wang DC, Shannon G, McHale L, Kantartzi SK, Xavier 
A, Mian R, Stupar RM, Michno JM, An YQC, Goettel W, Ward R, Fox C, Lipka 
AE, Hyten D, Cary T, Beavis WD (2018) Genetic architecture of soybean yield and 
agronomic traits. G3-Genes Genomes Genetics 8: 3367-3375 
 
Dreccer MF, Barnes LR, Meder R (2014) Quantitative dynamics of stem water soluble 
carbohydrates in wheat can be monitored in the field using hyperspectral reflectance. 
Field Crops Research 159: 70-80 
 
Driever SM, Lawson T, Andralojc PJ, Raines CA, Parry MAJ (2014) Natural variation in 
photosynthetic capacity, growth, and yield in 64 field-grown wheat genotypes. Journal of 
Experimental Botany 65: 4959-4973 
 
Duvick DN (2005) The contribution of breeding to yield advances in maize (Zea mays L.). 
Advances in Agronomy, Volume 86 86: 83-145 
139 
 
Ebi KL, McGregor G (2008) Climate change, tropospheric ozone and particulate matter, and 
health impacts. Environmental Health Perspectives 116: 1449-1455 
 
Edmeades GO, Daynard TB (1979) Relationship between final yield and photosynthesis at 
flowing in individual maize plants. Canadian Journal of Plant Science 59: 585-601 
 
Eichten SR, Foerster JM, de Leon N, Kai Y, Yeh CT, Liu SZ, Jeddeloh JA, Schnable PS, 
Kaeppler SM, Springer NM (2011) B73-Mo17 near-isogenic lines demonstrate 
dispersed structural variation in maize. Plant Physiology 156: 1679-1690 
 
El-Soda M, Malosetti M, Zwaan BJ, Koornneef M, Aarts MGM (2014) Genotype x 
environment interaction QTL mapping in plants: lessons from Arabidopsis. Trends in 
Plant Science 19: 390-398 
 
Elshire RJ, Glaubitz JC, Sun Q, Poland JA, Kawamoto K, Buckler ES, Mitchell SE (2011) 
A robust, simple genotyping-by-sequencing (GBS) approach for high diversity species. 
Plos One 6 
 
Emberson LD, Buker P, Ashmore MR, Mills G, Jackson LS, Agrawal M, Atikuzzaman 
MD, Cinderby S, Engardt M, Jamir C, Kobayashi K, Oanh NTK, Quadir QF, 
Wahid A (2009) A comparison of North American and Asian exposure-response data for 
ozone effects on crop yields. Atmospheric Environment 43: 1945-1953 
 
Emberson LD, Pleijel H, Ainsworth EA, van den Berg M, Ren W, Osborne S, Mills G, 
Pandey D, Dentener F, Buker P, Ewert F, Koeble R, Van Dingenen R (2018) Ozone 
effects on crops and consideration in crop models. European Journal of Agronomy 100: 
19-34 
 
Eshed Y, Zamir D (1995) An introgression line population of Lycopersicon Pennellii in the 
cultivated tomato enables the identifcation and find mapping od yield-associated QTL. 
Genetics 141: 1147-1162 
 
Fahlgren N, Gehan MA, Baxter I (2015) Lights, camera, action: high-throughput plant 
phenotyping is ready for a close-up. Current Opinion in Plant Biology 24: 93-99 
 
Fan JL, Yu LH, Xu CC (2017) A central role for triacylglycerol in membrane lipid breakdown, 
fatty acid beta-oxidation, and plant survival under extended darkness. Plant Physiology 
174: 1517-1530 
 
Faralli M, Lawson T (2020) Natural genetic variation in photosynthesis: an untapped resource 
to increase crop yield potential? Plant Journal 101: 518-528 
 
Farquhar GD, Caemmerer SV, Berry JA (1980) A biochemical-model of photosynthetic CO2 




Farquhar GD, Sharkey TD (1982) Stomatal conductance and photosynthesis. Annual Review 
of Plant Physiology and Plant Molecular Biology 33: 317-345 
 
Fatima A, Singh AA, Mukherjee A, Agrawal M, Agrawal SB (2019) Ascorbic acid and thiols 
as potential biomarkers of ozone tolerance in tropical wheat cultivars. Ecotoxicology and 
Environmental Safety 171: 701-708 
 
Feldman MJ, Paul RE, Banan D, Barrett JF, Sebastian J, Yee MC, Jiang H, Lipka AE, 
Brutnell TP, Dinneny JR, Leakey ADB, Baxter I (2017) Time dependent genetic 
analysis links field and controlled environment phenotypes in the model C4 grass Setaria. 
Plos Genetics 13 
 
Felzer BS, Cronin T, Reilly JM, Melilloa JM, Wang XD (2007) Impacts of ozone on trees and 
crops. Comptes Rendus Geoscience 339: 784-798 
 
Feng ZZ, Buker P, Pleijel H, Emberson L, Karlsson PE, Uddling J (2018) A unifying 
explanation for variation in ozone sensitivity among woody plants. Global Change 
Biology 24: 78-84 
 
Fernandez MGS, Strand K, Hamblin MT, Westgate M, Heaton E, Kresovich S (2015) 
Genetic analysis and phenotypic characterization of leaf photosynthetic capacity in a 
sorghum (Sorghum spp.) diversity panel. Genetic Resources and Crop Evolution 62: 939-
950 
 
Fiscus EL, Booker FL, Burkey KO (2005) Crop responses to ozone: uptake, modes of action, 
carbon assimilation and partitioning. Plant Cell and Environment 28: 997-1011 
 
Fitzgerald GJ, Tausz M, O'Leary G, Mollah MR, Tausz-Posch S, Seneweera S, Mock I, 
Low M, Partington DL, McNeil D, Norton RM (2016) Elevated atmospheric CO2 can 
dramatically increase wheat yields in semi-arid environments and buffer against heat 
waves. Global Change Biology 22: 2269-2284 
 
Flood PJ, Harbinson J, Aarts MGM (2011) Natural genetic variation in plant photosynthesis. 
Trends in Plant Science 16: 327-335 
 
Flood PJ, Kruijer W, Schnabel SK, van der Schoor R, Jalink H, Snel JFH, Harbinson J, 
Aarts MGM (2016) Phenomics for photosynthesis, growth and reflectance in 
Arabidopsis thaliana reveals circadian and long-term fluctuations in heritability. Plant 
Methods 12 
 
Fracheboud Y, Jompuk C, Ribaut JM, Stamp P, Leipner J (2004) Genetic analysis of cold-
tolerance of photosynthesis in maize. Plant Molecular Biology 56: 241-253 
 
Fracheboud Y, Ribaut JM, Vargas M, Messmer R, Stamp P (2002) Identification of 
quantitative trait loci for cold-tolerance of photosynthesis in maize (Zea mays L.). Journal 




Frei M (2015) Breeding of ozone resistant rice: Relevance, approaches and challenges. 
Environmental Pollution 197: 144-155 
 
Frei M, Tanaka JP, Chen CP, Wissuwa M (2010) Mechanisms of ozone tolerance in rice: 
characterization of two QTLs affecting leaf bronzing by gene expression profiling and 
biochemical analyses. Journal of Experimental Botany 61: 1405-1417 
 
Frei M, Tanaka JP, Wissuwa M (2008) Genotypic variation in tolerance to elevated ozone in 
rice: dissection of distinct genetic factors linked to tolerance mechanisms. Journal of 
Experimental Botany 59: 3741-3752 
 
Furbank RT, Tester M (2011) Phenomics - technologies to relieve the phenotyping bottleneck. 
Trends in Plant Science 16: 635-644 
 
Gamon JA, Penuelas J, Field CB (1992) A narrow-waveband spectral index that tracks diurnal 
changes in photosynthetic efficiency. Remote Sensing of Environment 41: 35-44 
 
Gilbert ME, Holbrook NM, Zwieniecki MA, Sadok W, Sinclair TR (2011) Field 
confirmation of genetic variation in soybean transpiration response to vapor pressure 
deficit and photosynthetic compensation. Field Crops Research 124: 85-92 
 
Gillespie KM, Rogers A, Ainsworth EA (2011) Growth at elevated ozone or elevated carbon 
dioxide concentration alters antioxidant capacity and response to acute oxidative stress in 
soybean (Glycine max). Journal of Experimental Botany 62: 2667-2678 
 
Glaubitz JC, Casstevens TM, Lu F, Harriman J, Elshire RJ, Sun Q, Buckler ES (2014) 
TASSEL-GBS: A high capacity genotyping by sequencing analysis pipeline. Plos One 9 
 
Gonzalo M, Holland JB, Vyn TJ, McIntyre LM (2010) Direct mapping of density response in 
a population of B73 x Mo17 recombinant inbred lines of maize (Zea Mays L.). Heredity 
104: 583-599 
 
Grant D, Nelson RT, Cannon SB, Shoemaker RC (2010) SoyBase, the USDA-ARS soybean 
genetics and genomics database. Nucleic Acids Research 38: D843-D846 
 
Gray SB, Dermody O, Klein SP, Locke AM, McGrath JM, Paul RE, Rosenthal DM, Ruiz-
Vera UM, Siebers MH, Strellner R, Ainsworth EA, Bernacchi CJ, Long SP, Ort DR, 
Leakey ADB (2016) Intensifying drought eliminates the expected benefits of elevated 
carbon dioxide for soybean. Nature Plants 2 
 
Heagle AS, Body DE, Pounds EK (1972) Effect of ozone on yield of sweet corn. 
Phytopathology 62: 683-687 
 
Heagle AS, Philbeck RB, Knott WM (1979) Thresholds for inture, growth, and yield loss 
caused by ozone on field corn hybrids. Phytopathology 69: 21-26 
142 
 
Heckmann D, Schluter U, Weber APM (2017) Machine learning techniques for predicting 
crop photosynthetic capacity from leaf reflectance spectra. Molecular Plant 10: 878-890 
 
Hirsch CN, Hirsch CD, Brohammer AB, Bowman MJ, Soifer I, Barad O, Shem-Tov D, 
Baruch K, Lu F, Hernandez AG, Fields CJ, Wright CL, Koehler K, Springer NM, 
Buckler E, Buell CR, de Leon N, Kaeppler SM, Childs KL, Mikel MA (2016) Draft 
assembly of elite inbred line PH207 provides insights into genomic and transcriptome 
diversity in maize. Plant Cell 28: 2700-2714 
 
Hisse IR, D'Andrea KE, Otegui ME (2019) Source-sink relations and kernel weight in maize 
inbred lines and hybrids: Responses to contrasting nitrogen supply levels. Field Crops 
Research 230: 151-159 
 
Holland JB, Nyquist WE, Cervantes-Martinez CT (2010) Estimating and interpreting 
heritability for plant breeding: an update. Plant Breeding Reviews 22: 9-122 
 
Houshmandfar A, Fitzgerald GJ, Macabuhay AA, Armstrong R, Tausz-Posch S, Low M, 
Tausz M (2016) Trade-offs between water-use related traits, yield components and 
mineral nutrition of wheat under Free-Air CO2 Enrichment (FACE). European Journal of 
Agronomy 76: 66-74 
 
Hund A, Frascaroli E, Leipner J, Jompuk C, Stamp P, Fracheboud Y (2005) Cold tolerance 
of the photosynthetic apparatus: pleiotropic relationship between photosynthetic 
performance and specific leaf area of maize seedlings. Molecular Breeding 16: 321-331 
 
Hunter MC, Smith RG, Schipanski ME, Atwood LW, Mortensen DA (2017) Agriculture in 
2050: Recalibrating targets for sustainable intensification. Bioscience 67: 385-390 
 
Jacquemoud S, Baret F (1990) PROSPECT - A model of leaf optical-properties spectra. 
Remote Sensing of Environment 34: 75-91 
 
Keurentjes JJB, Bentsink L, Alonso-Blanco C, Hanhart CJ, Vries HBD, Effgen S, 
Vreugdenhil D, Koornneef M (2007) Development of a near-isogenic line population of 
Arabidopsis thaliana and comparison of mapping power with a recombinant inbred line 
population. Genetics 175: 891-905 
 
Kim KS, Diers BW, Hyten DL, Mian MAR, Shannon JG, Nelson RL (2012) Identification of 
positive yield QTL alleles from exotic soybean germplasm in two backcross populations. 
Theoretical and Applied Genetics 125: 1353-1369 
 
Koester RP, Nohl BM, Diers BW, Ainsworth EA (2016) Has photosynthetic capacity 
increased with 80years of soybean breeding? An examination of historical soybean 





Koester RP, Skoneczka JA, Cary TR, Diers BW, Ainsworth EA (2014) Historical gains in 
soybean (Glycine max Merr.) seed yield are driven by linear increases in light 
interception, energy conversion, and partitioning efficiencies. Journal of Experimental 
Botany 65: 3311-3321 
 
Lafitte HR, Edmeades GO (1995) Stress tolerance in tropical maize is linked to constitutive 
changes in ear growth-characteristics. Crop Science 35: 820-826 
 
Lam HM, Xu X, Liu X, Chen WB, Yang GH, Wong FL, Li MW, He WM, Qin N, Wang B, 
Li J, Jian M, Wang JA, Shao GH, Wang J, Sun SSM, Zhang GY (2010) 
Resequencing of 31 wild and cultivated soybean genomes identifies patterns of genetic 
diversity and selection. Nature Genetics 42: 1053-U1041 
 
Lawson T, Kramer DM, Raines CA (2012) Improving yield by exploiting mechanisms 
underlying natural variation of photosynthesis. Current Opinion in Biotechnology 23: 
215-220 
 
Leipner J, Jompuk C, Camp KH, Stamp P, Fracheboud Y (2008) QTL studies reveal little 
relevance of chilling-related seedling traits for yield in maize. Theoretical and Applied 
Genetics 116: 555-562 
 
Leipner J, Mayer E (2008) QTL mapping in maize seedlines reveals little relevance of C4 
cycles enzymes and antioxidants for genotypic differences in chilling tolerance of 
photosynthesis. Maydica 53: 269-277 
 
Leisner CP, Yendrek CR, Ainsworth EA (2017) Physiological and transcriptomic responses in 
the seed coat of field-grown soybean (Glycine max L. Merr.) to abiotic stress. Bmc Plant 
Biology 17 
 
Li H (2013) Aligning sequence reads, clone sequences and assembly contigs with BWA-MEM. 
arXiv.org: 1-3 
 
Li HH, Bradbury P, Ersoz E, Buckler ES, Wang JK (2011) Joint QTL linkage mapping for 
multiple-cross mating design sharing one common parent. Plos One 6 
 
Li P, Calatayud V, Gao F, Uddling J, Feng ZZ (2016) Differences in ozone sensitivity among 
woody species are related to leaf morphology and antioxidant levels. Tree Physiology 36: 
1105-1116 
 
Li S, Courbet G, Ourry A, Ainsworth EA (2019) Elevated ozone concentration reduces 
photosynthetic carbon gain but does not alter leaf structural traits, nutrient composition or 
biomass in Switchgrass. Plants-Basel 8 
 
Li YH, Li W, Zhang C, Yang LA, Chang RZ, Gaut BS, Qiu LJ (2010) Genetic diversity in 
domesticated soybean (Glycine max) and its wild progenitor (Glycine soja) for simple 
sequence repeat and single-nucleotide polymorphism loci. New Phytologist 188: 242-253 
144 
 
Li YH, Zhao SC, Ma JX, Li D, Yan L, Li J, Qi XT, Guo XS, Zhang L, He WM, Chang RZ, 
Liang QS, Guo Y, Ye C, Wang XB, Tao Y, Guan RX, Wang JY, Liu YL, Jin LG, 
Zhang XQ, Liu ZX, Zhang LJ, Chen J, Wang KJ, Nielsen R, Li RQ, Chen PY, Li 
WB, Reif JC, Purugganan M, Wang J, Zhang MC, Qiu LJ (2013) Molecular 
footprints of domestication and improvement in soybean revealed by whole genome re-
sequencing. Bmc Genomics 14 
 
Lloyd J, Bloomfield K, Domingues TF, Farquhar GD (2013) Photosynthetically relevant 
foliar traits correlating better on a mass vs an area basis: of ecophysiological relevance or 
just a case of mathematical imperatives and statistical quicksand? New Phytologist 199: 
311-321 
 
Long SP, Zhu XG, Naidu SL, Ort DR (2006) Can improvement in photosynthesis increase 
crop yields? Plant Cell and Environment 29: 315-330 
 
Lopez MA, Xavier A, Rainey KM (2019) Phenotypic Variation and Genetic Architecture for 
Photosynthesis and Water Use Efficiency in Soybean (Glycine max L. Merr). Frontiers in 
Plant Science 10 
 
Mallya G, Zhao L, Song XC, Niyogi D, Govindaraju RS (2013) 2012 Midwest Drought in the 
United States. Journal of Hydrologic Engineering 18: 737-745 
 
Manigbas NL, Park D-S, Park S-K, Kim S-M, Hwang W-H, Kang H-W, Yi G (2010) 
Development of a fast and reliable ozone screening method in rice (Oryza sativa L.). 2: 
251-258 
 
Mashaheet A, Marshall D, Burkey K, Ullah R, Abdelrhim A (2016) Screening the 
monosomic lines of the Chinese Spring wheat variety for ozone tolerance. 
Phytopathology 106: 131-131 
 
Mashaheet AM, Burkey KO, Marshall DS (2019) Chromosome Location Contributing to 
Ozone Tolerance in Wheat. Plants-Basel 8 
 
McGrath JM, Betzelberger AM, Wang SW, Shook E, Zhu XG, Long SP, Ainsworth EA 
(2015) An analysis of ozone damage to historical maize and soybean yields in the United 
States. Proceedings of the National Academy of Sciences of the United States of America 
112: 14390-14395 
 
Meacham-Hensold K, Montes CM, Wu J, Guan KY, Fu P, Ainsworth EA, Pederson T, 
Moore CE, Brown KL, Raines C, Bernacchi CJ (2019) High-throughput field 
phenotyping using hyperspectral reflectance and partial least squares regression (PLSR) 
reveals genetic modifications to photosynthetic capacity. Remote Sensing of 
Environment 231 
Meng L, Li HH, Zhang LY, Wang JK (2015) QTL IciMapping: Integrated software for genetic 
linkage map construction and quantitative trait locus mapping in biparental populations. 
Crop Journal 3: 269-283 
145 
 
Messmer R, Fracheboud Y, Banziger M, Vargas M, Stamp P, Ribaut JM (2009) Drought 
stress and tropical maize: QTL-by-environment interactions and stability of QTLs across 
environments for yield components and secondary traits. Theoretical and Applied 
Genetics 119: 913-930 
 
Mikel MA, Dudley JW (2006) Evolution of North American dent corn from public to 
proprietary germplasm. Crop Science 46: 1193-1205 
 
Mills G, Sharps K, Simpson D, Pleijel H, Frei M, Burkey K, Emberson L, Uddling J, 
Broberg M, Feng ZZ, Kobayashi K, Agrawal M (2018a) Closing the global ozone 
yield gap: Quantification and cobenefits for multistress tolerance. Global Change Biology 
24: 4869-4893 
 
Mills G, Sharps K, Simpson D, Pleijel H, Broberg M, Uddling J, Jaramillo F, Davies WJ, 
Dentener F, et al (2018b) Ozone pollution will compromise efforts to increase global 
wheat production. Global Change Biology 24: 3560-3574 
 
Monks PS, Archibald AT, Colette A, Cooper O, Coyle M, Derwent R, Fowler D, Granier C, 
Law KS, Mills GE, Stevenson DS, Tarasova O, Thouret V, von Schneidemesser E, 
Sommariva R, Wild O, Williams ML (2015) Tropospheric ozone and its precursors 
from the urban to the global scale from air quality to short-lived climate forcer. 
Atmospheric Chemistry and Physics 15: 8889-8973 
 
Monneveux P, Zaidi PH, Sanchez C (2005) Population density and low nitrogen affects yield-
associated traits in tropical maize. Crop Science 45: 535-545 
 
Monteith JL (1977) Cliamte and efficiency of crop production in Britain. Philosophical 
Transactions of the Royal Society of London Series B-Biological Sciences 281: 277-294 
 
Morgan PB, Ainsworth EA, Long SP (2003) How does elevated ozone impact soybean? A 
meta-analysis of photosynthesis, growth and yield. Plant Cell and Environment 26: 1317-
1328 
 
Morgan PB, Bernacchi CJ, Ort DR, Long SP (2004) An in vivo analysis of the effect of 
season-long open-air elevation of ozone to anticipated 2050 levels on photosynthesis in 
soybean. Plant Physiology 135: 2348-2357 
 
Morgan PB, Mies TA, Bollero GA, Nelson RL, Long SP (2006) Season-long elevation of 
ozone concentration to projected 2050 levels under fully open-air conditions substantially 
decreases the growth and production of soybean. New Phytologist 170: 333-343 
 
Morrell PL, Buckler ES, Ross-Ibarra J (2012) Crop genomics: advances and applications. 
Nature Reviews Genetics 13: 85-96 
 
Neyhart JL, Lorenz AJ, Smith KP (2019) Multi-trait improvement by predicting genetic 
correlations in breeding crosses. G3-Genes Genomes Genetics 9: 3153-3165 
146 
 
Nielsen RL (2019) Grain fill stages in corn. In Corny News Network, Vol 2020, West Lafayette, 
IN 
 
Niinemets U, Berry JA, von Caemmerer S, Ort DR, Parry MAJ, Poorter H (2017) 
Photosynthesis: ancient, essential, complex, diverse ... and in need of improvement in a 
changing world. New Phytologist 213: 43-47 
 
Okumura Y (2012). Rpsychi: Statistics for psychiatric research. R package version 0.8, 
https://CRAN.R-project.org/package=rpsychi 
 
Ort DR, Merchant SS, Alric J, Barkan A, Blankenship RE, Bock R, Croce R, Hanson MR, 
Hibberd JM, Long SP, Moore TA, Moroney J, Niyogi KK, Parry MAJ, Peralta-
Yahya PP, Prince RC, Redding KE, Spalding MH, van Wijk KJ, Vermaas WFJ, 
von Caemmerer S, Weber APM, Yeates TO, Yuan JS, Zhu XG (2015) Redesigning 
photosynthesis to sustainably meet global food and bioenergy demand. Proceedings of 
the National Academy of Sciences of the United States of America 112: 8529-8536 
 
Ortiz D, Hu JY, Fernandez MGS (2017) Genetic architecture of photosynthesis in Sorghum 
bicolor under non-stress and cold stress conditions. Journal of Experimental Botany 68: 
4545-4557 
 
Osborne SA, Mills G, Hayes F, Ainsworth EA, Buker P, Emberson L (2016) Has the 
sensitivity of soybean cultivars to ozone pollution increased with time? An analysis of 
published dose-response data. Global Change Biology 22: 3097-3111 
 
Parry MAJ, Reynolds M, Salvucci ME, Raines C, Andralojc PJ, Zhu XG, Price GD, 
Condon AG, Furbank RT (2011) Raising yield potential of wheat. II. Increasing 
photosynthetic capacity and efficiency. Journal of Experimental Botany 62: 453-467 
 
Pazdernik DL, Killam AS, Orf JH (1997) Analysis of amino and fatty acid composition in 
soybean seed, using near infrared reflectance spectroscopy. Agronomy Journal 89: 679-
685 
 
Pelleschi S, Leonardi A, Rocher JP, Cornic G, de Vienne D, Thevenot C, Prioul JL (2006) 
Analysis of the relationships between growth, photosynthesis and carbohydrate 
metabolism using quantitative trait loci (QTLs) in young maize plants subjected to water 
deprivation. Molecular Breeding 17: 21-39 
 
Peng JL, Shang B, Xu YS, Feng ZZ, Calatayud V (2020) Effects of ozone on maize (Zea 
mays L.) photosynthetic physiology, biomass and yield components based on exposure- 
and flux-response relationships. Environmental Pollution 256 
 
Peng T, Sun XC, Mumm RH (2014) Optimized breeding strategies for multiple trait 




Penuelas J, Filella I (1998) Visible and near-infrared reflectance techniques for diagnosing 
plant physiological status. Trends in Plant Science 3: 151-156 
 
Penuelas J, Gamon JA, Fredeen AL, Merino J, Field CB (1994) Reflectacne indexes 
associated with physiological changes in nitrogen-limted and water-limited sunflower 
leaves. Remote Sensing of Environment 48: 135-146 
 
Perez IB, Brown PJ (2014) The role of ROS signaling in cross-tolerance: from model to crop. 
Frontiers in Plant Science 5: 754 
 
Piepho HP, Buchse A, Truberg B (2006) On the use of multiple lattice designs and alpha-
designs in plant breeding trials. Plant Breeding 125: 523-528 
 
Piepho HP, Mohring J, Melchinger AE, Buchse A (2008) BLUP for phenotypic selection in 
plant breeding and variety testing. Euphytica 161: 209-228 
 
Poland JA, Brown PJ, Sorrells ME, Jannink JL (2012) Development of high-density genetic 
maps for barley and wheat using a novel two-enzyme genotyping-by-sequencing 
approach. Plos One 7 
 
Poorter H, Fiorani F, Pieruschka R, Wojciechowski T, van der Putten WH, Kleyer M, 
Schurr U, Postma J (2016) Pampered inside, pestered outside? Differences and 
similarities between plants growing in controlled conditions and in the field. New 
Phytologist 212: 838-855 
 
Poorter H, Niklas KJ, Reich PB, Oleksyn J, Poot P, Mommer L (2012) Biomass allocation to 
leaves, stems and roots: meta-analyses of interspecific variation and environmental 
control. New Phytologist 193: 30-50 
 
Presterl T, Seitz G, Schmidt W, Geiger HH (2002) Improving nitrogen-use efficiency in 
European maize - Comparison between line per se and testcross performance under high 
and low soil nitrogen. Maydica 47: 83-91 
 
Qiu LJ, Xing LL, Guo Y, Wang J, Jackson SA, Chang RZ (2013) A platform for soybean 
molecular breeding: the utilization of core collections for food security. Plant Molecular 
Biology 83: 41-50 
 
R Core Team (2018). R: A language and environment for statistical computing. R Foundation 
for Statistical Computing, Vienna, Austria. URL https://www.R-project.org/ 
 
RStudio Team (2016). RStudio: Integrated development for R. RStudio, Inc., Boston, MA URL, 
http://www.rstudio.com/  
 
Raines CA (2011) Increasing photosynthetic carbon assimilation in C3 plants to improve crop 




Rami JF, Dufour P, Trouche G, Fliedel G, Mestres C, Davrieux F, Blanchard P, Hamon P 
(1998) Quantitative trait loci for grain quality, productivity, morphological and 
agronomical traits in sorghum (Sorghum bicolor L. Moench). Theoretical and Applied 
Genetics 97: 605-616 
 
Rapacz M, Sasal M, Wojcik-Jagla M (2015) Direct and indirect measurements of freezing 
tolerance: advantages and limitations. Acta Physiologiae Plantarum 37 
 
Ray DK, Mueller ND, West PC, Foley JA (2013) Yield trends are insufficient to double global 
crop production by 2050. Plos One 8 
 
Ray DK, Ramankutty N, Mueller ND, West PC, Foley JA (2012) Recent patterns of crop 
yield growth and stagnation. Nature Communications 3 
 
Reich PB, Ellsworth DS, Walters MB, Vose JM, Gresham C, Volin JC, Bowman WD 
(1999) Generality of leaf trait relationships: A test across six biomes. Ecology 80: 1955-
1969 
 
Reich PB, Walters MB, Ellsworth DS (1997) From tropics to tundra: Global convergence in 
plant functioning. Proceedings of the National Academy of Sciences of the United States 
of America 94: 13730-13734 
 
Ribaut JM, Jiang C, Gonzalez de Leon D, Edmeades GO, Hoisington DA (1997) 
Identification of quantitative trait loci under drought conditions in tropical maize .2. 
Yield components and marker-assisted selection strategies. Theoretical and Applied 
Genetics 94: 887-896 
 
Richards RA (2000) Selectable traits to increase crop photosynthesis and yield of grain crops. 
Journal of Experimental Botany 51: 447-458 
 
Roche D (2015) Stomatal conductance is essential for higher yield potential of C3 crops. Critical 
Reviews in Plant Sciences 34: 429-453 
 
Ronan AC, Ducker JA, Schnell JL, Holmes CD (2020) Have improvements in ozone air 
quality reduced ozone uptake into plants? Elementa-Science of the Anthropocene 8 
 
Rouphael Y, Spichal L, Panzarova K, Casa R, Colla G (2018) High-throughput plant 
phenotyping for developing novel biostimulants: From lab to field or from field to lab? 
Frontiers in Plant Science 9 
 
Rudorff BFT, Mulchi CL, Daughtry CST, Lee EH (1996) Growth, radiation use efficiency, 
and canopy reflectance of wheat and corn grown under elevated ozone and carbon 
dioxide atmospheres. Remote Sensing of Environment 55: 163-173 
 
Ruzsa SM, Mylona P, Scandalios JG (1999) Differential response of antioxidant genes in 
maize leaves exposed to ozone. Redox Report 4: 95-103 
149 
 
Salvi S, Corneti S, Bellotti M, Carraro N, Sanguineti MC, Castelletti S, Tuberosa R (2011) 
Genetic dissection of maize phenology using an intraspecific introgression library. Bmc 
Plant Biology 11 
 
Salvi S, Sponza G, Morgante M, Tomes D, Niu X, Fengler KA, Meeley R, Ananiev EV, 
Svitashev S, Bruggemann E, Li B, Hainey CF, Radovic S, Zaina G, Rafalski JA, 
Tingey SV, Miao GH, Phillips RL, Tuberosa R (2007) Conserved noncoding genomic 
sequences associated with a flowering-time quantitative trait locus m maize. Proceedings 
of the National Academy of Sciences of the United States of America 104: 11376-11381 
 
Sandak J, Sandak A, Meder R (2016) Assessing trees, wood and derived products with near 
infrared spectroscopy: hints and tips. Journal of near Infrared Spectroscopy 24: 485-505 
 
Sanz-Saez A, Koester RP, Rosenthal DM, Montes CM, Ort DR, Ainsworth EA (2017) Leaf 
and canopy scale drivers of genotypic variation in soybean response to elevated carbon 
dioxide concentration. Global Change Biology 23: 3908-3920 
 
Sarkar A, Singh AA, Agrawal SB, Ahmad A, Rai SP (2015) Cultivar specific variations in 
antioxidative defense system, genome and proteome of two tropical rice cultivars against 
ambient and elevated ozone. Ecotoxicology and Environmental Safety 115: 101-111 
 
Schlueter JA, Lin JY, Schlueter SD, Vasylenko-Sanders IF, Deshpande S, Yi J, O'Bleness 
M, Roe BA, Nelson RT, Scheffler BE, Jackson SA, Shoemaker RC (2007) Gene 
duplication and paleopolyploidy in soybean and the implications for whole genome 
sequencing. Bmc Genomics 8 
 
Schmutz J, Cannon SB, Schlueter J, Ma JX, Mitros T, Nelson W, Hyten DL, Song QJ, 
Thelen JJ, Cheng JL, Xu D, Hellsten U, May GD, Yu Y, Sakurai T, Umezawa T, 
Bhattacharyya MK, Sandhu D, Valliyodan B, Lindquist E, Peto M, Grant D, Shu 
SQ, Goodstein D, Barry K, Futrell-Griggs M, Abernathy B, Du JC, Tian ZX, Zhu 
LC, Gill N, Joshi T, Libault M, Sethuraman A, Zhang XC, Shinozaki K, Nguyen 
HT, Wing RA, Cregan P, Specht J, Grimwood J, Rokhsar D, Stacey G, Shoemaker 















Schnable PS, Ware D, Fulton RS, Stein JC, Wei FS, Pasternak S, Liang CZ, Zhang JW, 
Fulton L, Graves TA, Minx P, Reily AD, Courtney L, Kruchowski SS, Tomlinson C, 
Strong C, Delehaunty K, Fronick C, Courtney B, Rock SM, Belter E, Du FY, Kim 
K, Abbott RM, Cotton M, Levy A, Marchetto P, Ochoa K, Jackson SM, Gillam B, 
Chen WZ, Yan L, Higginbotham J, Cardenas M, Waligorski J, Applebaum E, 
Phelps L, Falcone J, Kanchi K, Thane T, Scimone A, Thane N, Henke J, Wang T, 
Ruppert J, Shah N, Rotter K, Hodges J, Ingenthron E, Cordes M, Kohlberg S, Sgro 
J, Delgado B, Mead K, Chinwalla A, Leonard S, Crouse K, Collura K, Kudrna D, 
Currie J, He RF, Angelova A, Rajasekar S, Mueller T, Lomeli R, Scara G, Ko A, 
Delaney K, Wissotski M, Lopez G, Campos D, Braidotti M, Ashley E, Golser W, 
Kim H, Lee S, Lin JK, Dujmic Z, Kim W, Talag J, Zuccolo A, Fan C, Sebastian A, 
Kramer M, Spiegel L, Nascimento L, Zutavern T, Miller B, Ambroise C, Muller S, 
Spooner W, Narechania A, Ren LY, Wei S, Kumari S, Faga B, Levy MJ, McMahan 
L, Van Buren P, Vaughn MW, Ying K, Yeh CT, Emrich SJ, Jia Y, Kalyanaraman 
A, Hsia AP, Barbazuk WB, Baucom RS, Brutnell TP, Carpita NC, Chaparro C, 
Chia JM, Deragon JM, Estill JC, Fu Y, Jeddeloh JA, Han YJ, Lee H, Li PH, Lisch 
DR, Liu SZ, Liu ZJ, Nagel DH, McCann MC, SanMiguel P, Myers AM, Nettleton D, 
Nguyen J, Penning BW, Ponnala L, Schneider KL, Schwartz DC, Sharma A, 
Soderlund C, Springer NM, Sun Q, Wang H, Waterman M, Westerman R, 
Wolfgruber TK, Yang LX, Yu Y, Zhang LF, Zhou SG, Zhu Q, Bennetzen JL, Dawe 
RK, Jiang JM, Jiang N, Presting GG, Wessler SR, Aluru S, Martienssen RA, Clifton 
SW, McCombie WR, Wing RA, Wilson RK (2009) The B73 maize genome: 
Complexity, diversity, and dynamics. Science 326: 1112-1115 
 
Sedivy EJ, Wu FQ, Hanzawa Y (2017) Soybean domestication: the origin, genetic architecture 
and molecular bases. New Phytologist 214: 539-553 
 
Serbin SP, Dillaway DN, Kruger EL, Townsend PA (2012) Leaf optical properties reflect 
variation in photosynthetic metabolism and its sensitivity to temperature. Journal of 
Experimental Botany 63: 489-502 
 
Serbin SP, Singh A, McNeil BE, Kingdon CC, Townsend PA (2014) Spectroscopic 
determination of leaf morphological and biochemical traits for northern temperate and 
boreal tree species. Ecological Applications 24: 1651-1669 
 
Setter TL, Flannigan BA, Melkonian J (2001) Loss of kernel set due to water deficit and shade 
in maize: Carbohydrate supplies, abscisic acid, and cytokinins. Crop Science 41: 1530-
1540 
 
Shoemaker RC, Schlueter J, Doyle JJ (2006) Paleopolyploidy and gene duplication in soybean 
and other legumes. Current Opinion in Plant Biology 9: 104-109 
 
Silva-Perez V, Molero G, Serbin SP, Condon AG, Reynolds MP, Furbank RT, Evans JR 
(2018) Hyperspectral reflectance as a tool to measure biochemical and physiological 




Sims DA, Gamon JA (2002) Relationships between leaf pigment content and spectral 
reflectance across a wide range of species, leaf structures and developmental stages. 
Remote Sensing of Environment 81: 337-354 
 
Singh AA, Agrawal SB, Shahi JP, Agrawal M (2014) Investigating the response of tropical 
maize (Zea mays L.) cultivars against elevated levels of O3 at two developmental stages. 
Ecotoxicology 23: 1447-1463 
 
Slaton MR, Hunt ER, Smith WK (2001) Estimating near-infrared leaf reflectance from leaf 
structural characteristics. American Journal of Botany 88: 278-284 
 
Soleh MA, Tanaka Y, Kim SY, Huber SC, Sakoda K, Shiraiwa T (2017) Identification of 
large variation in the photosynthetic induction response among 37 soybean Glycine max 
(L.) Merr. genotypes that is not correlated with steady-state photosynthetic capacity. 
Photosynthesis Research 131: 305-315 
 
Song Q, Hyten DL, Jia G, Quigley CV, Fickus EW (2016) Fingerprinting Soybean 
Germplasm and Its Utility in Genomic Research (vol 5, pg 1999, 2015). G3-Genes 
Genomes Genetics 6: 495-495 
 
Song QJ, Yan L, Quigley C, Jordan BD, Fickus E, Schroeder S, Song BH, An YQC, Hyten 
D, Nelson R, Rainey K, Beavis WD, Specht J, Diers B, Cregan P (2017) Genetic 
characterization of the Soybean Nested Association Mapping Population. Plant Genome 
10 
 
Sorgini CA, Barrios-Perez I, Brown PJ, Ainsworth EA (2019) Examining genetic variation in 
maize inbreds and mapping oxidative stress response QTL in B73-Mo17 nearly isogenic 
lines. 3: 1-10 
 
Specht JE, Diers BW, Nelson RL, de Toledo JFF, Torrion JA, Grassini P (2014) Soybean. 
Yield gains in major U.S. field crops 33: 311-355 
 
Staehelin J, Thudium J, Buehler R, Volzthomas A, Graber W (1994) Trends in surface ozone 
concentrations at Arosa (Switzerland). Atmospheric Environment 28: 75-87 
 
Stuber CW, Polacco M, Lynn M (1999) Synergy of empirical breeding, marker-assisted 
selection, and genomics to increase crop yield potential. Crop Science 39: 1571-1583 
 
Swarm SA, Sun LJ, Wang XT, Wang WD, Brown PJ, Ma JX, Nelson RL (2019) Genetic 
dissection of domestication-related traits in soybean through genotyping-by-sequencing 
of two interspecific mapping populations. Theoretical and Applied Genetics 132: 1195-
1209 
 
Szalma SJ, Hostert BM, LeDeaux JR, Stuber CW, Holland JB (2007) QTL mapping with 




Taylor J, Butler D (2017) R Package ASMap: Efficient genetic linkage map construction and 
diagnosis. Journal of Statistical Software 79: 1-29 
 
Tester M, Langridge P (2010) Breeding technologies to increase crop production in a changing 
world. Science 327: 818-822 
 
Todd CD, Tipton PA, Blevins DG, Piedras P, Pineda M, Polacco JC (2006) Update on ureide 
degradation in legumes. Journal of Experimental Botany 57: 5-12 
 
Tomeo NJ, Rosenthal DM (2017) Variable mesophyll conductance among soybean cultivars 
sets a tradeoff between photosynthesis and water-use-efficiency. Plant Physiology 174: 
241-257 
 
Trachsel S, Messmer R, Stamp P, Ruta N, Hund A (2010) QTLs for early vigor of tropical 
maize. Molecular Breeding 25: 91-103 
 
Ueda Y, Frimpong F, Qi YT, Matthus E, Wu LB, Holler S, Kraska T, Frei M (2015) 
Genetic dissection of ozone tolerance in rice (Oryza sativa L.) by a genome-wide 
association study. Journal of Experimental Botany 66: 293-306 
 
Vainonen JP, Kangasjarvi J (2015) Plant signalling in acute ozone exposure. Plant Cell and 
Environment 38: 240-252 
 
Van Dingenen R, Dentener FJ, Raes F, Krol MC, Emberson L, Cofala J (2009) The global 
impact of ozone on agricultural crop yields under current and future air quality 
legislation. Atmospheric Environment 43: 604-618 
 
van Heerwaarden J, Hufford MB, Ross-Ibarra J (2012) Historical genomics of North 
American maize. Proceedings of the National Academy of Sciences of the United States 
of America 109: 12420-12425 
 
VanLoocke A, Betzelberger AM, Ainsworth EA, Bernacchi CJ (2012) Rising ozone 
concentrations decrease soybean evapotranspiration and water use efficiency whilst 
increasing canopy temperature. New Phytologist 195: 164-171 
 
Varshney RK, Nayak SN, May GD, Jackson SA (2009) Next-generation sequencing 
technologies and their implications for crop genetics and breeding. Trends in 
Biotechnology 27: 522-530 
 
Varshney RK, Terauchi R, McCouch SR (2014) Harvesting the promising fruits of genomics: 
Applying genome sequencing technologies to crop breeding. Plos Biology 12 
 
Waldeck N, Burkey K, Carter T, Dickey D, Song QJ, Taliercio E (2017) RNA-Seq study 
reveals genetic responses of diverse wild soybean accessions to increased ozone levels. 




Walker BJ, Drewry DT, Slattery RA, VanLoocke A, Cho YB, Ort DR (2018) Chlorophyll 
can be reduced in crop canopies with little penalty to photosynthesis. Plant Physiology 
176: 1215-1232 
 
Walter-Shea EA, Norman JM (1991) Leaf optical properties. In RE Myneni, ed, Photon-
Vegetation Interaction, Vol 1. Springer-Verlag, Berlin, pp 229 – 251 
 
Wang JK, Wan XY, Crossa J, Crouch J, Weng JF, Zhai HQ, Wan JM (2006) QTL mapping 
of grain length in rice (Oryza sativa L.) using chromosome segment substitution lines. 
Genetical Research 88: 93-104 
 
Wang JK, Wan XY, Li HH, Pfeiffer WH, Crouch J, Wan JM (2007) Application of 
identified QTL-marker associations in rice quality improvement through a design-
breeding approach. Theoretical and Applied Genetics 115: 87-100 
 
Wang Y, Burgess SJ, de Becker EM, Long SHP (2020) Photosynthesis in the fleeting 
shadows: an overlooked opportunity for increasing crop productivity? Plant Journal 101: 
874-884 
 
Wang YX, Yang LX, Holler M, Zaisheng S, Pariasca-Tanaka J, Wissuwa M, Frei M (2014) 
Pyramiding of ozone tolerance QTLs OzT8 and OzT9 confers improved tolerance to 
season-long ozone exposure in rice. Environmental and Experimental Botany 104: 26-33 
 
Warnes GR, Bolker B, Lumley T, Johnson RC (2018) Gmodels: Various R programming 
tools for model fitting. R package version 2.18.1 https://CRAN.R-
project.org/package=gmodels  
 
Wedow JM, Burroughs C, Rios Acosta L, Leakey ADB, Ainsworth EA (in review) Age-
dependent increase in α-tocopherol and phytosterols in maize. Journal of Experimental 
Botany 
 
Werner AK, Medina-Escobar N, Zulawski M, Sparkes IA, Cao FQ, Witte CP (2013) The 
ureide-degrading reactions of purine ring catabolism employ three amidohydrolases and 
one aminohydrolase in Arabidopsis, soybean, and rice. Plant Physiology 163: 672-681 
 
Whaley A, Sheridan J, Safari S, Burton A, Burkey K, Schlueter J (2015) RNA-seq analysis 
reveals genetic response and tolerance mechanisms to ozone exposure in soybean. Bmc 
Genomics 16 
 
Wickland DP, Battu G, Hudson KA, Diers BW, Hudson ME (2017) A comparison of 
genotyping-by-sequencing analysis methods on low-coverage crop datasets shows 
advantages of a new workflow, GB-eaSy. Bmc Bioinformatics 18 
 
Wilkinson S, Davies WJ (2010) Drought, ozone, ABA and ethylene: new insights from cell to 




Wilkinson S, Mills G, Illidge R, Davies WJ (2012) How is ozone pollution reducing our food 
supply? Journal of Experimental Botany 63: 527-536 
 
Wright IJ, Reich PB, Westoby M, Ackerly DD, Baruch Z, Bongers F, Cavender-Bares J, 
Chapin T, Cornelissen JHC, Diemer M, Flexas J, Garnier E, Groom PK, Gulias J, 
Hikosaka K, Lamont BB, Lee T, Lee W, Lusk C, Midgley JJ, Navas ML, Niinemets 
U, Oleksyn J, Osada N, Poorter H, Poot P, Prior L, Pyankov VI, Roumet C, Thomas 
SC, Tjoelker MG, Veneklaas EJ, Villar R (2004) The worldwide leaf economics 
spectrum. Nature 428: 821-827 
 
Wu A, Hammer GL, Doherty A, von Caemmerer S, Farquhar GD (2019) Quantifying 
impacts of enhancing photosynthesis on crop yield. Nature Plants 5: 380-388 
 
Xavier A, Hall B, Hearst AA, Cherkauer KA, Rainey KM (2017) Genetic architecture of 
phenomic-enabled canopy coverage in Glycine max. Genetics 206: 1081-1089 
 
Xavier A, Jarquin D, Howard R, Ramasubramanian V, Specht JE, Graef GL, Beavis WD, 
Diers BW, Song QJ, Cregan PB, Nelson R, Mian R, Shannon JG, McHale L, Wang 
DC, Schapaugh W, Lorenz AJ, Xu SZ, Muir WM, Rainey KM (2018) Genome-wide 
analysis of grain yield stability and environmental interactions in a multiparental soybean 
population. G3-Genes Genomes Genetics 8: 519-529 
 
Xavier A, Muir WM, Rainey KM (2016) Assessing predictive properties of genome-wide 
selection in soybeans. G3-Genes Genomes Genetics 6: 2611-2616 
 
Xavier A, Xu SZ, Muir WM, Rainey KM (2015) NAM: association studies in multiple 
populations. Bioinformatics 31: 3862-3864 
 
Xavier A, Beavis W, Spect J, Diers B, Mian R, Howard R, Graef G, Nelson R, Schapaugh 
W, Wang D, Shannon G, McHale L, Cregan P, Song Q, Lopez M, Muir W, Rainey 
K (2019) SoyNAM: Soybean nested association mapping dataset. R Package Version 1.6. 
https://CRAN.R-project.org/package=SoyNAM  
 
Xu CC, Shanklin J (2016) Triacylglycerol metabolism, function, and accumulation in plant 
vegetative tissues. Annual Review of Plant Biology, Vol 67 67: 179-206 
 
Yendrek CR, Erice G, Montes CM, Tomaz T, Sorgini CA, Brown PJ, McIntyre LM, 
Leakey ADB, Ainsworth EA (2017a) Elevated ozone reduces photosynthetic carbon 
gain by accelerating leaf senescence of inbred and hybrid maize in a genotype-specific 
manner. Plant Cell and Environment 40: 3088-3100 
 
Yendrek CR, Koester RP, Ainsworth EA (2015) A comparative analysis of transcriptomic, 
biochemical, and physiological responses to elevated ozone identifies species-specific 





Yendrek CR, Tomaz T, Montes CM, Cao YY, Morse AM, Brown PJ, McIntyre LM, 
Leakey ADB, Ainsworth EA (2017b) High-throughput phenotyping of maize leaf 
physiological and biochemical traits using hyperspectral reflectance. Plant Physiology 
173: 614-626 
 
Yu JM, Holland JB, McMullen MD, Buckler ES (2008) Genetic design and statistical power 
of nested association mapping in maize. Genetics 178: 539-551 
 
Zaidi PH, Srinivasan G, Sanchez C (2003) Morpho-physiological traits associated with 
variable field performance of different types maize germplasm across multiple 
environments. Maydica 48: 207-220 
 
Zaidi PH, Yadav M, Singh DK, Singh RP (2008) Relationship between drought and excess 
moisture tolerance in tropical maize (Zea mays L.). Australian Journal of Crop Science 1: 
78-96 
 
Zhu XG, Long SP, Ort DR (2008) What is the maximum efficiency with which photosynthesis 
can convert solar energy into biomass? Current Opinion in Biotechnology 19: 153-159 
 
Zhu XG, Long SP, Ort DR (2010) Improving photosynthetic efficiency for greater yield. 
Annual Review of Plant Biology, Vol 61 61: 235-261 
 
Zinselmeier C, Jeong BR, Boyer JS (1999) Starch and the control of kernel number in maize at 
low water potentials. Plant Physiology 121: 25-35 
 
 
 
